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SUMMARY
When watching a child learning to use a spoon, a mother is immediately able to rec-
ognize the error when the child grabs the bowl rather than the stem, or when the child uses
the spoon to try and scoop paper. Recognizing proper tool grasp-postures and use-contexts
is an ability vital for daily life and can be lost due to brain injury. A better understand-
ing of how the brain encodes contextual and grasp-specific tool-use not only furthers basic
neuroscience, but also has strong relevance to deficits arising from neural pathologies. How-
ever, the majority of research till date has studied the neural response to viewing tools in
isolation or viewing simple tool-grasps. These studies have shown that the recognition of
tools to be a complex visuomotor process, as not only was the visual cortex engaged but
also parietal and frontal regions that underlie actual tool-use. The recognition of tools
therefore involves automatically recalling their motor information (graspability and manip-
ulability) via activation of parietofrontal motor regions, a property called action affordances.
Yet, it is still unclear how parietofrontal regions encode the combination of contextual and
grasp-specific tool-use scenes. In addition, parietofrontal regions are multifaceted and also
underlie visuospatial attention and eye movements. It is possible a relationship might exist
between eye movements, attention and tool-use understanding over parietofrontal regions.
Therefore the overall goal of this thesis was to understand the spatiotemporal patterns
of parietofrontal activity and eye movements underlying the perceptual of contextual and
grasp-specific static tool use images. Electroencephalography (EEG) was used to measure
neural activity, combined with eye tracking to measure fixation and saccades. Overall, re-
sults from this thesis present evidence that the affordances of non-functional grasp-postures
perturbed an observer from understanding the contextual uses of tools, with corresponding
unique patterns of parietofrontal activity and eye movements. This effect was most robust
when the tool was placed in contexts that afforded a certain degree of tool-use. Results
also revealed a relationship between attention, eye movements and action perception over
xiii
parietofrontal regions. Specifically, saccades perturbed activity over frontal regions during
the perception of non-functional grasp postures and in addition, there was greater engage-
ment of the left precuneus in the superior parietal lobe if the observer had to quickly parse
the scene information using peripheral vision and rely on short term memory. In contrast,
there was greater engagement of the left middle temporal gyrus if the observer had the
ability to parse scene information continuously using foveal attention. Results in this thesis
shed light on the neural and visual mechanisms in understanding the affordances of non-
functional grasp postures, and the relation between the two mechanisms. The automatic
sensitivity in understanding the intent of non-functional grasp-postures may correspond to
a lifetime of learning the affordances of grasp-specific action outcomes with tools. Such
cognitive motor knowledge may be vital in navigating a human environment almost en-
tirely constructed on advanced tool-use knowledge and findings from this thesis have many




The ability to recognize the advantage of tools, their associated gestures and predicting
their action outcomes is vital for daily living (Johnson-Frey, 2004). For example, when we
want to brush our teeth, we are able to immediately differentiate the utility of a tooth-brush
from the comb and razor. Indeed, while most animals use tools, humans as a species are
unique in using arguably the most sophisticated tool-use knowledge to achieve daily goals
and effect change in the environment (Johnson-Frey, 2004). The unique human ability of
learning, deploying and transmitting complex tool-use knowledge effectively sets us apart
from our near primate cousins and is even thought to be linked with the development of
language and culture (Stout and Chaminade, 2012). Unfortunately, this ability can be lost
due to stroke or neurodegenerative diseases in a condition called apraxia (Wheaton and
Hallett, 2007), a cognitive motor deficit wherein the patient loses tool-specific knowledge
without any lower level visual or motor deficit (Goldenberg, 2003, 2009). Therefore, a better
understanding of how the brain encodes tools and tool-use gestures not only furthers basic
neuroscience, but also has strong relevance to understanding deficits arising from neural
pathologies.
1.1 Historical and clinical background on the neural substrates under-
lying tool-use knowledge
The first insights on the neurophysiology underlying tool-use knowledge had its roots at
the turn of the previous century. In this era, it was commonly thought that complex brain
outputs such as the motor act of using a tool was the result of activity over the entire
cortex and could not be functionally localized to any one brain region (Goldenberg, 2003,
2009). However, pioneering clinical work of Hugo Leipmann showed that a distinction
existed between pure sensorimotor functions of the cortex and higher order cognitive motor
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knowledge. Based on his study of clinical patients, Leipmann hypothesized that the idea
of a tool-use movement, a motor program (“movement formula” (Liepmann, 1900, 1980,
Rothi and Heilman, 1996, Goldenberg, 2003, 2009)), could be functionally localized to a
distinct area of the brain and that disconnections between this localized area and the motor
cortex could result in deficits in imitating and performing skilled and meaningful tool-use
gestures. Post-mortem operations validated Leipmann’s conjectures wherein lesions to the
left posterior parietal cortex and corpus callosum resulted in an inability of the patient to
pantomime or imitate skillful tool-use gestures with their dominant right hand. Damages
to the corpus callosum in particular disrupted the crossing of projections from left parietal
regions to right motor and premotor regions. Thus the left parietal cortex was thought to be
the foci of generating tool-use action information as damage to the ipsilateral left parietal
cortex caused tool-use deficits in left-handers as well. It is important to note that these
tool-use specific motor deficits (apraxia) were not associated with low-level motoric issues
such as tremors, bradykinesia or due to any neuromuscular dystrophies. The motoric deficit
was purely due to an inability to formulate higher order motor planning, or motor cognition,
such as understanding how a hammer might be grasped and/or used. Leipmann thought
that apraxia may arise from left parietal lesions that disrupt the flow of higher-order motoric
information to premotor regions that transform the information into an actual motor act. As
a result, the patient would not be able to perform successful tool-use movements (Liepmann,
1900, 1980, Rothi and Heilman, 1996, Goldenberg, 2003, 2009).
Leipmann’s pioneering research technique became the basis for further work by Norman
Geschwind in the 1960s (Geschwind, 1965), Kenneth Heilmann in the 1980s and 1990s (Heil-
man et al., 1997) and others (Buxbaum, 2001, Wheaton and Hallett, 2007), who broadly
expanded upon Leipmann’s hypotheses, further developing the neuroscience underlying tool-
use knowledge via lesion analyses and behavioral studies in apraxic patients. In particular,
Geschwind reinterpreted Leipmann’s disconnection hypothesis and argued for a role of Wer-
nicke’s area in the superior temporal gyrus. In the clinical setting at that time, apraxia
was typically diagnosed based on the ability of a patient to successfully respond to the
clinicians instructions. An example of such an instruction would be the command “show
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me how to use a hammer” (Ochipa et al., 1989, Rothi and Heilman, 1996). Geschwind
hypothesized that the inability of an apraxic patient to reproduce a tool-use gesture on
verbal command may arise from parietal lesions that disconnected the flow of information
from Wernickes area to premotor regions via the arcuate fasciculus. The “verbalization”
of a tool-use gesture’s meaning was considered vital for the reproduction of that gesture
itself (Geschwind, 1965, Goldenberg, 2003, 2009). However, Heilman later reformulated
the disconnection hypothesis of both Leipmann and Geschwind and argued that the left
parietal damage corresponded to an irrevocable loss to a stored motor program rather than
disruptions in the transfer of action information to premotor regions. In this framework,
parietal regions were considered to be storehouses of acquired tool-use knowledge rather
than areas that purely served to relay motor information on every external visual or verbal
cue (Heilman et al., 1982, Goldenberg, 2009). Functionally, Heilman implicated the left
inferior parietal lobule to be the repository of tool-use knowledge. It is possible that novel
motor skills might be learned via engagement of right parietal regions before consolidation
into the left hemisphere (Halsband and Lange, 2006). Overall, from a historical and clinical
perspective, evidence suggested a distinct role of left parietal regions in storing the motoric
properties of tools, with projections to premotor regions that served to formulate this motor
information in terms of the sensorimotor joint transformations that allow actual tool-use
(Haaland et al., 2000).
At the same time, clinical studies also identified the role of temporal regions in differ-
entiating conceptual rather than motoric tool-use information. In fact, it was Leipmann
again who first discovered that conceptual tool-use knowledge might be functionally disso-
ciable from its motoric aspects, as patients with parietal lesions were able to conceptually
describe the uses of a tool though they were unable to actually pantomime using the tool
(Liepmann, 1900, Liepmann and Psychology, 1980, Goldenberg, 2003, 2009). Based on his
experiments with clinical patients, he postulated different neural substrates for conceptual
and motoric tool-use knowledge. Subsequent clinical research supported Leipmann’s hy-
pothesis. Patients with damage to the posterior middle temporal gyrus exhibited deficits
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in associative or semantic tool-use knowledge (Heilman et al., 1997), for example, under-
standing that a hammer is used to pound objects (Kalnine et al., 2010). Focal lesions to
the left occipito-temporal-parietal junction resulted in a similar inability of patients to rec-
ognize the utility of tools (recognizing the advantage of a hammer’s shape and weight for
pounding movements (Tranel et al., 1997)). Damage to the left occipito-temporal-parietal
junction (Ochipa et al., 1989, Johnson-Frey, 2004), while preserving proper tool-use action
kinematics, resulted in inappropriate and faulty tool-use wherein patients used a comb to
brush their teeth. Interestingly, the ability to name the tools or recall its kinematics was
preserved but the conceptual knowledge to associate a tool with its proper usage was lost
(Johnson-Frey, 2004). Based on the above results from the lesion data, left temporal re-
gions were therefore thought to store conceptual and semantic knowledge of tools rather
than purely its motoric properties.
One of the difficulties with lesion studies was that rarely did a patient present with only
one type of deficit or with a very focal damage to the brain. The nature of the brain injury
typically manifested itself with a broad range of symptoms and a wide area of damage to
the cortex involving temporal and prefrontal regions, in addition to the left parietal and
premotor cortices (Johnson-Frey, 2004). As a result, it was generally difficult to derive
focused hypotheses and refine Heilman’s/Geschwind or Leipmann’s theories with respect to
the visual observation of tools and tool-use gestures. Indeed, it was only with the advent of
neuroimaging that further insights could be gleaned on the nature of the cortical processes
underlying the visual recognition of tools and tool-use.
1.2 Neural correlates of tool-use knowledge as revealed by neuroimaging
The modern understanding of how the brain visually perceives tools and tool-use gestures
stems from advances in neuroimaging technology. As a methodology, neuroimaging allows
studying the brain with much finer resolution and specificity than by correlating lesion
sites to loss in functional behavior. Many neuroimaging studies since the mid-1990s have
explored the neural responses to viewing, naming, using and pantomiming tools across
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many different imaging modalities such as functional Magnetic Resonance Imaging (fMRI),
Electroencephalography (EEG) and Positron Emission Tomography (PET). For instance,
fMRI studies in the past two decades have evaluated cerebral blood flow in right handed
subjects during the pantomiming of tool-use movements or during the manipulation of tools
with the dominant right hand. These studies have consistently reported increased blood
flow or activity over superior and inferior parietal lobules, the primary motor and sensory
cortices, ventral and dorsolateral premotor cortex, middle and inferior frontal gyri, and
posterior middle temporal gyrus (Lewis, 2006). These neural activations were primarily
left hemispheric dominant (Johnson-Frey, 2004, Johnson-Frey et al., 2005). EEG studies
investigating the temporal nature of parietofrontal activity have showed that the generation
of complex tool-use movements (such as pantomiming a screwdriver) were preceded by a
slowly evolving negative cortical potential over left posterior parietal regions beginning
about 3 seconds before movement onset (Wheaton et al., 2005b). Similar EEG studies have
also shown significant changes in beta band (18-22Hz) oscillations over left posterior parietal
cortex and increased synchronizations between left parietal and left frontal regions in the
beta band during the execution of tool-use gestures (Wheaton et al., 2005a, Wheaton et al.,
2009). Interestingly, while parietal, frontal, motor and temporal regions were active during
the execution of complex tool-use movements, the aforementioned regions were also found
to be active in studies wherein participants were instructed to either passively imagine using
tools or viewed static images of tools (Johnson-Frey et al., 2003, Johnson-Frey, 2004, Lewis,
2006), shown in Figure 1. It was found that viewing tools also increased activity along
left temporo-occipital regions (Johnson-Frey, 2004, Lewis, 2006). Therefore, as a class of
objects, tools were found to be unique as they automatically potentiated or engaged action
knowledge centers in the brain apart from the primary visual cortex (Grzes et al., 2003,
Johnson-Frey, 2004, Creem-Regehr and Lee, 2005). For example, the mere observation of
a stand-alone hammer engages parietal, temporal, premotor and frontal regions that are
active when actually using the hammer (Johnson-Frey et al., 2003, Johnson-Frey, 2004).
This unique property of tools gleaned from neuroimaging methods could not be predicted
by Leipmann, Geschwind or others based on their models from clinical data and sets tools
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apart from other non-manipulable objects such as a tree, house etc. (Chao and Martin,
2000, Lewis, 2006).
Figure 1: An overview of the role of temporal, parietal and premotor, frontal regions during
the visual perception of tools (Lewis, 2006).
The main advantage of neuroimaging methods lies in the ability to test focused hypothe-
ses given the freedom in experimental design and the ability to measure neural activations
with a high degree of specificity. Although it was known that tool observation activated
such diffuse regions in the brain, neuroimaging experiments were able to uncover special-
izations in the type of visual information processed at each of those regions. Activity over
the visual cortex is to be expected as the early visual pathways aid in detecting edges,
orientation and color of tools (Kandel et al., 2000). Anatomically, from the visual cortex,
visual information propagates along two pathways, one to the temporal regions (the ventral
stream) and another that propagates information along parietal regions (dorsal stream).
With respect to the visual recognition of tools, it was initially thought that the ventral
stream served to answer the ’what’ question while the dorsal stream served to answer the
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’where’ question (Mishkin et al., 1983). However, subsequent research was suggestive of
more sophisticated visual processing mechanisms over the two streams (Goodale and Mil-
ner, 1992). Specifically, rather than being only involved in answering the ’what question, the
left middle temporal gyrus, fusiform gyrus in the ventral stream, along with the left inferior
parietal lobule, have been shown to process semantic properties of tools such as recognizing
that a hammer belongs to a class of objects used in pounding movements (Mahon et al.,
2007)). It was also thought that given its location next to area V5 or the motion processing
centers in the visual cortex, temporal regions may even store information on the movement
related conceptual properties of tools, such as understanding the trajectory of a hammer
that enable pounding movements (Johnson-Frey, 2004). With respect to the parietal cortex
along the dorsal stream, research has shown parietal regions as a whole to be active when
subjects viewed tools (Chao and Martin, 2000), imagined using tools (Johnson-Frey et al.,
2005, Fridman et al., 2006, Lewis, 2006), evaluated how tools could be grasped (Lewis,
2006, Almeida et al., 2010) and when required to recall explicit information on the action
mechanics associated with tools (Johnson-Frey, 2004). Within the parietal cortex, regions
along the anterior intraparietal sulcus (aIPS) was found to encode more of the grasp-posture
associated with tools based on a tools form and shape (Culham and Valyear, 2006). Areas
near the intraparietal sulcus along with the angular gyrus, both located in the inferior pari-
etal lobule, were also found to be engaged to a greater extent when participants imagined
grasping tools compared to shapes or scrambled images of tools (Creem-Regehr and Lee,
2005). Alternatively, regions along the superior parietal lobule was thought to be more
involved in action kinematics associated with a tool (Culham and Valyear, 2006), such as
encoding the joint transformations corresponding to a tools motor properties (Glover et al.,
2005, Lewis, 2006). While the successful recognition of tools activates the parietal cortex as
a whole (in addition to the temporal cortex), there does appears to be a distinction within
the parietal cortex itself. Inferior regions (angular gyrus, aIPS) may encode more of the
cognitive motor aspects of tools, such as how it can be grasped and used (Culham and
Kanwisher, 2001, Culham and Valyear, 2006, Lewis, 2006), whereas the superior parietal
regions may encode more of the kinematic aspects associated with the sensorimotor joint
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transformations of tool-use (Culham and Kanwisher, 2001, Culham and Valyear, 2006). It
has been proposed that a potential reason for this differentiation could be the proximity
of inferior parietal regions to areas along the ventral stream (Ramayya et al., 2010) given
the extensive white matter tracts between the middle temporal gyrus and anterior regions
of the supramarginal gyrus and angular gyrus in the inferior parietal lobule (Ramayya et
al., 2010). Given this extensive connectivity, the anterior supramarginal gyrus may act
as a integrative node, merging semantic tool-use information from ventral areas such as
middle temporal gyrus with the motoric tool-use knowledge emanating from the angular
gyrus, aIPS and areas along the superior parietal lobule (Ramayya et al., 2010). In general,
this extensive integration may serve to recall the stored conceptual, cognitive motor and
sensorimotor knowledge of tools, even during passive observation (Ramayya et al., 2010).
With respect to frontal regions, the dorsal visual stream continues from the angular
gyrus and anterior supramarginal gyrus and terminates at the ventral premotor cortex in
the frontal lobe (Johnson-Frey, 2004, Ramayya et al., 2010). The premotor cortex sub-
sequently passes its output to putative motor neurons in the primary motor cortex that
generate the descending motor signals that control the actual physical manipulation of tools
(Fridman et al., 2006). During actual tool-use, the premotor and motor cortices perform the
necessary sensorimotor joint transformations that enable actual tool-manipulations based
on the incoming, integrated motor program from the parietal cortex. However, premotor
and motor areas were also found to be active during passive tool-use observation (Lewis,
2006). Activations over premotor and motor regions during the observation of tools and
tool-use may represent an ongoing motor simulation of actual tool-use (Johnson-Frey, 2004,
Lewis, 2006) by encoding the grasp-specific and sensorimotor aspects of tools. These motor
simulation mechanisms over motor and premotor regions may facilitate higher level motor
cognition such as understanding the goal or intent of a seen tool-use gesture. For instance,
the primary motor cortex was found to be engaged more fully when participants viewed
chopsticks being used in a goal-directed rather than aimless manner (Jrvelinen et al., 2004).
Inferior frontal regions in particular have been well implicated in encoding goal or intent of
tool-use gestures. in a seminal study, researchers used fMRI to show that neural activity
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over inferior frontal regions was modulated when subjects viewed a hand grasping a tool
vs. a hand touching an object in a non-manipulable fashion (Johnson-Frey et al., 2003).
Electrophysiology studies over analogous regions in the monkey brain revealed that neurons
in the left inferior frontal regions were active during both the observation and execution of
similar, goal directed hand-object gestures (Iacoboni et al., 2005). For example, a specific
set of neurons in the monkey ventral premotor cortex F5 were found to be active both when
the monkey grasped a rake and observed an experimenter grasp a rake, but not when the
rake was merely touched (Johnson-Frey et al., 2003, Iacoboni and Dapretto, 2006). Rather
than encoding the prehensile properties of tools, these specific neurons in area F5 (inferior
frontal gyrus in humans) may serve to encode the goal or intent of the tool-use gesture via
an internal motor simulation of the observed gesture itself (Iacoboni and Dapretto, 2006).
The fact that the mere observation of tools and tool-gestures elicits an automatic un-
derstanding of their very complex motoric, semantic and goal-oriented properties offers one
potential explanation as to why humans are unique in recognizing the utility of tools when
interacting with the environment and achieving complex action outcomes (Johnson-Frey,
2004).
1.3 Insights on tool-use understanding from cognitive science: the the-
ory of action affordances
The diffuse activation of parietal, premotor, frontal and temporal regions even during mere
tool-use observation is suggestive of the recall of extensive motoric and semantic informa-
tion necessary to recognize tools, their associated gestures and even the intent of a tool-use
gesture itself. In particular, as parietofrontal regions process the motoric aspects of tools,
this pathway along the dorsal stream constitutes a direct visual route to action knowledge
(Humphreys et al., 2010, Yoon et al., 2010), tightly linking the visual recognition of tools
with the recall of their action or motor knowledge. In the behavioral science or experi-
mental psychology literature, this unique property of tools in automatically activating its
motor knowledge is called action affordances, a theory whose general form was first pos-
tulated by Gibson (Gibson, 1977). Gibson postulated that all objects in the environment
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have certain properties that uniquely afford the capability for an organism to achieve any
goal based behavior. For example, a mouse may afford moving a pointer on screen for a
human, but may not afford this behavior to say a dog (Borghi et al., 2012). The theory of
action affordances is well suited to explain how the mere observation of tools is sufficient to
activate its motoric or action properties (way it is grasped and used) especially given the
diffuse activations over action knowledge regions in the brain. Affordances with respect to
tools has been investigated in depth in the cognitive science literature via behavioral ex-
periments. These experiments typically evaluated whether a tool’s affordances (its spatial
location, orientation etc.) automatically primed motor behavior even though affordance
information was unrelated to the experimental task (akin to the Simon effect (Simon and
Berbaum, 1990). A famous example of such a behavioral experiment is the seminal study
by Tucker and Ellis who asked participants to push a button with either their left or right
hand to evaluate if a tool was upright or inverted. They found that participants made
quicker responses with either their left/right hand when the handle of the tool was slightly
oriented to left/right, though the orientation of the tool was irrelevant to the task (Tucker
and Ellis, 1998). In another experiment, the same authors (Tucker and Ellis, 2001) showed
that when categorizing manipulable artifacts (hammer, nail) from natural objects (apple,
cherry) with a power or precision grip, participants’ responses were influenced by the size of
the artifact even though it was not essential to the actual categorization task. As a result,
smaller artifacts (nail) generated faster responses with a precision grip while larger artifacts
(hammer) generated faster responses a with power grip. These two seminal papers pro-
vided behavioral evidence that simple observation automatically activated a tool’s action
affordances and resulted in the priming of motor behavior. Similar studies investigating
the influence on affordance recognition on motor behavior have corroborated Tucker and
Ellis’s findings (an overview of these results is summarized in (Thill et al., 2013)). Indeed,
evaluating the effect of affordances on perceptual judgments has been a recurring theme in
behavioral experiments with many variations on the experimental design. For example, it
has been shown that perceptual judgements of tool-use are enhanced when viewing tools
that are oriented for action (a spoon positioned to scoop ice cream), when right-handers
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view tools from a right handed egocentric perspective and when tools are appropriately
grasped for functional use (Riddoch et al., 2003, Riddoch et al., 2006, Humphreys et al.,
2010, Yoon et al., 2010, Kelly and Wheaton, 2013, Kelly et al., 2015). Results from these
studies suggest that functional and appropriate tool-use scenes could optimally engage fa-
miliar and learned motoric representations of the tool over parietofrontal regions, thereby
priming motor behavior leading to faster and more accurate behavioral responses.
1.4 The neural encoding of contextual tool-use affordances
The majority of neuroimaging work investigating the neural substrates underlying tool-use
knowledge have either considered a tool in isolation or a simplistic tool-grasp. However, ex-
tensive behavioral experiments have shown that varying a tool’s affordances correlates with
motor behavior, suggestive of a differential activation of parietofrontal action encoding re-
gions. In addition, a tool is usually seen in different contexts of use that may potentially
alter its affording properties and how it is neurally encoded. Therefore, rather than consid-
ering a tool in isolation, recent neuroimaging work in our lab have aimed to understand the
neural encoding of tool-use scenes where affordances were dependent on action context. In
particular, these studies focused on how canonical tool-use action encoding regions (pari-
etal, premotor and temporal regions) differentiated between incorrect and correct action
contexts of tool-use. Here, a tool’s context of use was defined by the type of object the tool
was associated with. For example, a hammer when paired with a nail has higher action af-
fordances as this is the hammer’s typical context of use. Conversely, a hammer when paired
with paper has lower affordances as this is an atypical or incorrect context of use given the
hammer’s motoric properties. In the former case, the nail reinforces the motoric knowledge
associated with the hammer whereas in the latter case, the paper does not support a func-
tional use of the hammer. EEG results showed that regions along the superior temporal
gyrus, insula, posterior cingulate and precuneus served to differentiate between correct and
incorrect tool-object pairings (Mizelle and Wheaton, 2010a). In a related experiment, sub-
jects viewed images depicting incorrect and correct tool-object usage wherein the tool was
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also grasped to interact with the object. An example of a correct tool-object usage would be
viewing a hammer grasped by its handle and positioned to drive a nail. An example of an
incorrect tool-object usage would be viewing a hammer grasped by its handle and positioned
to hit a coffee cup. Results showed that the incorrect context of tool-use elicited greater
activations along the posterior cingulate, superior temporal gyrus and insula whereas the
correct context of tool-use elicited greater activations along canonical parietofrontal action
encoding regions (Mizelle and Wheaton, 2010b). Engagement of ventral regions may serve
in identifying the semantic errors in the incorrect tool-use context over the correct tool-use
context whereas the correct tool-use context may greater engage parietofrontal regions given
its higher action affordances. Together, these two studies provide evidence that the neural
encoding of a tool’s affordances can be modulated by its action context.
1.5 Overall goal
Broadly, behavioral, clinical and neuroimaging results show considerable and converging
evidence that the successful recognition of tools is dependent on understanding its mo-
toric properties (affordances) via the activation of a direct visual route to action knowledge
regions along the dorsal stream. Further research has shown how activity over action knowl-
edge regions (parietofrontal regions) can be modulated by the affordances of action context.
However, what is unclear is how parietofrontal regions encode for more complex and real-life
tool-use scenarios wherein a tool’s affordances rely not just on action context, but also on
the combination of grasp-specific tool-use knowledge. Indeed, tool-use is inherently adap-
tive and recognizing the advantage of tools must involve not only understanding its proper
context of use but also the proper grasping postures that allow using tools. For example,
to drive a nail into a board, we must be able to recognize the advantage of using a hammer
instead of a pen (context-use) and further understand that the hammer is to be grasped by
its handle rather than its head (grasp-use). Such type of knowledge may have been shaped
over many years of experience and exposure to tools right from development. As outlined
earlier, while prior studies have individually evaluated parietofrontal encoding of tool-object
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relationships (Mizelle and Wheaton, 2010a, b) and stand-alone tool-grasps (Johnson-Frey et
al., 2003), it is unclear how parietofrontal regions encode the combination of both tool-use
context and tool-grasp. Therefore, the first specific aim of the thesis (Aim 1) focused on
understanding the temporal dynamics of parietofrontal activations as healthy right handed
human subjects evaluated still images depicting right-handed, egocentric, contextual and
grasp specific tool-object scenes. In particular, Aim 1 focused on the sensitivity of pari-
etofrontal responses to the affordances elicited by the type of grasp-posture within specific
tool-use contexts.
As a neural network, parietofrontal regions are multifaceted and are involved in many
other functions (Culham and Kanwisher, 2001, Miller and Cohen, 2001). They might
also be involved in other cognitive motor processes that could potentially be coupled with
action understanding. In particular, given that tool-use recognition is inherently a visual
perception task, it is important to note that parietofrontal regions also underlie the control
of saccades and visuospatial attention especially over inferior and posterior parietal lobules
and dorsal and ventral premotor areas (Figure 2). Studies has shown these regions to be
active during the control of fixations and saccades (Anderson et al., 1994, Gaymard et al.,
1998, Mort et al., 2003), spatial attention (Corbetta et al., 1998) and saccadic inhibition
(Chikazoe et al., 2007). Given this anatomical overlap between action encoding and visual
attention over parietofrontal regions, it is possible that gaze patterns (visual encoding),
could also be sensitive to complex tool-use affordances. Understanding the visual encoding
of affordances can potentially shed light on the type of information an observer gathers
to drive parietofrontal action encoding regions, thereby providing a valuable window into
ongoing action encoding processes. Therefore, the second aim of this thesis Aim 2 focused
on understanding whether the affordances arising from contextual and grasp specific tool-use
scenes could influence eye movement patterns during observation.
Aim 1 and Aim 2 focused on individually evaluating the effect of contextual and grasp
specific tool-use images on parietofrontal activations and visuospatial attention mechanisms
(Natraj et al., 2013, Natraj et al., 2015). In both Aims 1 and 2, the experimental design
allowed the observer adequate time to visually parse the stimulus as the images were on
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Figure 2: Example of parietofrontal regions involved in the control of eye movements and
attention (Corbetta et al., 1998).
screen for at least 2 seconds. Given the anatomical overlap between tool-use understand-
ing and visuospatial attention, it is possible that a relationship might exist between these
two processes that might be reflected in measured parietofrontal activity. For instance,
it is unclear if parietofrontal encoding of affordances might be attenuated, lateralized or
modulated in any way by restricting an observer’s ability to direct foveal attention over
scene features. Such a result would suggest that parietofrontal processing of affordances
could be coupled with the ability of the observer to allocate visuospatial attention towards
distinct scene features. Therefore the third aim of this thesis Aim 3 focuses on contrasting
the presence/absence of saccades on the spatiotemporal dynamics of parietofrontal process-
ing of affordances. To achieve this goal, a flash experiment was designed wherein stimuli
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durations were reduced to 100 milliseconds, thereby naturally forcing participants to re-
strict saccades and process the image extra-foveally. Subsequently, stimuli durations were
increased to 500ms, thereby allowing for the reemergence of saccades.
Summarizing the three aims together, the overall goal of the dissertation is to un-
derstand the spatiotemporal patterns of parietofrontal activity and eye move-
ments during the visual perception of contextual and grasp specific tool-use
scenes. In the following section, a brief overview is presented of a related behavioral exper-
iment in our lab that forms the conceptual basis for all three specific aims. The hypotheses
in each of the three specific aims are then subsequently detailed that address the overall
goal of the dissertation.
1.6 Related work
In order to address the goal of the dissertation, we extended previous behavioral work in
our lab that evaluated how the combination of tool-use context and tool-grasp influenced
response accuracies and response latencies when participants evaluated static tool-use im-
ages. Similar to previous neuroimaging work in our lab, a tool’s context of use was defined
based on its pairing with another object (Mizelle and Wheaton, 2010a, b). We had focused
on three levels of tool-object relationships or tool-use contexts: correct (e.g., hammer-nail),
incorrect (e.g., hammer-paper) and spatial (e.g., hammer-wood). The spatial context cou-
pled a tool and object that are usually part of the same scene, but do not afford a functional
tool-object action. These three levels were then orthogonally combined with four different
types of grasp-postures: no hand (control condition), static hand (at the bottom of the pic-
ture roughly equidistant from tool and object), a functional grasp-posture (e.g. grasp the
handle of the hammer), and a manipulative grasp-posture (e.g. grasp the head of the ham-
mer). While the manipulative grasp-posture serves to manipulate the tool (e.g. move it), it
does not afford a functional engagement of the tool on the object. Together the combination
of context and grasp gave rise to 12 conditions, shown in Figure 3 for a representative tool.
The images were always presented from a right-handed egocentric perspective. The tool
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Figure 3: The combination of 3 tool-object contexts along each row and four type of grasp-
postures along each column is shown here for an exemplar tool, together giving rise to 12
conditions with varying affording properties. For the purposes of this dissertation, a ”tool”
was defined as an object in the right hemifield that could be used by an actor to interact
with an ”object” in the left hemifield. Images were normed for visual complexity and for the
contextual relationships between the tool-object pair. When presented with these images,
participants were asked to evaluate the motoric relationship between the tool and object
pairs i.e. if the tool-object pair was functionally correct or incorrect.
and object were only placed next to each other and were not interacting or positioned to
interact with each other. Images were normed for visual complexity and on the contextual
relationships between tool-object pairs. Participants were explicitly told beforehand that
they would be seeing images of tool-object pairs wherein the tool was defined as an entity
that could interact with the object and was always in the right hemifield while the object
was always in the left hemifield. Participants were also told that they would see a right hand
in some of the images interacting with the tool, but that their task was always to evaluate
whether the tool-object relationship was functionally correct or incorrect. Participants
were prepared in advance that they would be viewing right handed, egocentric tool-object
images. Participants used their right hand to record a correct relationship and used their
left hand to record an incorrect relationship. All participants used their dominant right
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Figure 4: With respect to the main effects of Context, the spatial context elicited the
longest decision times. With respect to the main effects of Hand, the manipulative grasp
elicited the longest decision times, especially within the correct context and the no hand
conditions elicited the shortest decision times. Please note that the terminology for the
conditions in this plot is slightly different from this dissertation. Specifically, ’still hand’
refers to the static hand condition and ’functional context’ refers to the correct context
(Borghi et al., 2012).
hand to categorize a correct tool-object relationship as we aimed to evaluate the effect
of an egocentric right-handed grasp-posture on evaluating appropriate tool-object content.
Subsequently, the correct and spatial contexts that afforded a certain degree of tool-object
action were analyzed together and the incorrect context was analyzed separately. Behavioral
data revealed that the spatial context elicited the longest response times. Amongst the four
hand conditions, the no hand conditions elicited the fastest decision times whereas the
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manipulative grasp condition elicited the slowest decision times. Importantly, data showed
an interaction effect wherein the manipulative grasp condition elicited slower decisions times
when compared to the no hand control condition with the strongest effects within the correct
context (Figure 4). A similar effect was not observed for the static hand grasp or functional
grasp. Thus even though the grasp per se was not essential to the task, a non-functional or
manipulative grasp-posture that does not support tool-object action interfered in evaluating
tool-object content especially when the tool-object pair itself clearly afforded action (Borghi
et al., 2012). It should be noted that the interference effect of the manipulative grasp-posture
was also observed within the incorrect context, though this effect was outside the core
hypothesis that pertained to the correct context. We had suggested that the observer may
be decoding tool-object content via an ongoing motor simulation process over parietofrontal
regions and as such, the affordances of the manipulative grasp-posture may have delayed
a behavioral response on tool-object content as they do not support tool-object action
i.e., interfering with the tool-object motor simulation process (Borghi et al., 2012). This
interpretation was strengthened by results in a separate experiment where participants used
their feet rather than their hands to record their decisions. In this latter experiment, there
was no interference effect of the manipulative grasp-posture. This finding reinforces the
hypothesis of automatic parietofrontal engagement to encode the intent of the manipulative
grasp-posture; the cooption of parietofrontal circuits to encode the manipulative grasp could
have effectively delayed a behavioral response when subjects use their hands (a matching
end effector) but not when they recorded their decision using their feet (Borghi et al., 2012).
Data from this behavioral study provided evidence that the perception of a tool’s affor-
dances could be modulated based on a combination of the type of tool-object context and
the manner by which the tool was grasped. Findings from this behavioral study were used





Purpose: The purpose of Aim 1 was to understand the temporal dynamics of parietofrontal
activations underlying the perceptual judgment of the same contextual and grasp specific
tool-object stimuli from the prior behavioral study (Borghi et al., 2012). The task required
participants to passively evaluate whether tool-object pairs were functionally related or not.
Behavioral responses were not collected to avoid any potential confounding effects of a mo-
tor response on parietofrontal activity. Specifically, we focused on the interference effects
of the manipulative grasp-posture within the correct tool-object context and sought to cor-
relate the temporal dynamics of parietofrontal activity with the time scales of the delayed
response times observed in our prior data (Borghi et al., 2012).
Hypothesis: Within the correct tool-object context, the manipulative grasp-posture would
elicit temporally extended activity over left hemispheric parietofrontal regions when com-
pared to the no hand control condition, with corresponding spectral differences in the beta
band. Left parietofrontal regions are well known to be involved in storing tool-use knowl-
edge and in motoric beta band processing of tool-use (Chao and Martin, 2000, Krliczak and
Frey, 2009, Mizelle et al., 2011). The temporally extended left hemispheric parietofrontal
activity would correspond to the observer trying to resolve the conflict due to the atypical
grasp posture and would support our hypothesis of an automatic activation of parietofrontal
action regions to encode the manipulative grasp-posture. We also hypothesized that the
time scales of these activations would be in line with our prior behavioral data (Borghi
et al., 2012). Conversely, we hypothesized that there would be no such extended differ-
ences between the other grasp-postures (functional, static hand) and the no hand control
condition. Finally, we hypothesized that the differential parietofrontal activations between
the manipulative grasp and the no hand control condition would be maximal in the cor-




Purpose: Results from Aim 1 (Natraj et al., 2013) revealed that the manipulative grasp-
posture did uniquely elicit temporally extended parietofrontal activity when compared to
the no hand control condition. However, contrary to our hypothesis, the manipulative
grasp-posture effect was observed across all three contexts and over bilateral parietofrontal
networks and was not confined to the left hemisphere alone. Within each context, there
were unique differences in the manner the manipulative grasp-posture was processed. In the
correct tool-object context, the manipulative grasp-posture elicited early left parietofrontal
activity differences (100-200ms) with the no hand condition, followed by an exclusively
late appearing right parietofrontal difference (400-600ms) along with primarily theta band
spectral differences. In the spatial tool-object context, the only difference between the
manipulative grasp-posture and the no hand condition was a late appearing bilateral pari-
etofrontal activity along with primarily alpha and beta band spectral differences. The time
scales of these differences were in line with our prior behavioral work (Borghi et al., 2012).
Together, these results suggest the engagement of a right parietofrontal network to un-
derstand the intent of the manipulative grasp-posture and a concurrent activity over left
parietofrontal regions to process tool-object context. The temporally extended (400-600ms
post image onset) right parietofrontal activations may correspond to the observer trying
to understand the intent of the atypical manipulative grasp in relation to the tool-object
relationship. This additional cognitive demand may underlie the previously observed delays
on a final decision on tool-object content (Borghi et al., 2012).
Given the anatomical overlap between action understanding and attention over the same
parietofrontal networks, it is possible that there might also be a corresponding difference
in spatiotemporal gaze pattern when an observer evaluates tool-object scenes with and
without the manipulative grasp-posture. Such a differential gaze pattern could potentially
shed light on the type of action information that may be driving the right parietofrontal
activity observed in Aim 1 (Natraj et al., 2013), underlying the interference effect observed
in our prior behavioral study (Borghi et al., 2012). Therefore the purpose of Aim 2 was
to understand spatiotemporal patterns of eye movement as participants viewed the same
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stimuli as Aim 1, with the same task of passively evaluating whether tool-object pairs were
functionally correct or incorrect. Similar to Aim 1, no behavioral responses were collected
to avoid any potential interference of a motor task on gaze data. While all 12 conditions
were included in the experimental design, the static hand conditions (across all three tool-
object contexts) were dropped from the hypotheses and the analyses as they largely evoked
the same behavioral and neural responses as the no hand conditions in our prior study and
in Aim 1 (Borghi et al., 2012, Natraj et al., 2103). This reduced the number of conditions
down in the study to 9. We primarily focused on gaze scanpaths over the areas of interest
(AOI) in the stimuli, and the weighting of the AOI by the observer.
Hypothesis: It was hypothesized that hierarchical clustering of gaze scanpaths and AOI
weightings would group conditions primarily by context (correct, incorrect and spatial) since
the task required participants to evaluate tool-object content. Within each of the 3 context
clusters it was hypothesized that the manipulative grasp-posture would be distinct from
the no hand and functional grasp -posture with the strongest distinctions in the correct
and spatial contexts at time scales in line with results from Aim 1 (Natraj et al., 2013). In
essence, Aim 2 posited that contrasts of gaze data would mimic the results of Aim 1 and
our prior data (Borghi et al., 2012, Natraj et al., 2013).
1.7.3 Aim 3
Purpose: Results from Aim 2 (Natraj et al., 2015) revealed that though the task re-
quired evaluating tool-object content, eye movements were automatically primed to grasp-
affordances. Specifically, clustering of gaze scanpaths and AOI weightings grouped condi-
tion by the type of grasp-posture, rather than context, into three grasp-specific clusters.
It should be noted that the distinctions between these three grasp-specific clusters were
most robust within the correct and spatial tool-object contexts. Results also suggested that
eye movements were influenced more by the affordances of the grasp-posture rather than
the mere presence of a hand per se. Specifically, in the absence of a grasp in the scene,
the object was foveally weighted the most, suggestive of an object-oriented action priming
effect wherein the observer may be evaluating tool-object content in terms of simulating
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an engagement of the tool on the object (Thill et al., 2013). However, the manipulative
grasp-posture, unlike the functional grasp-posture, drew attention away from the object
and caused the greatest disruption in the aforementioned object-oriented action priming
effect. Rather than being purely driven by the presence of a grasp per-se, eye movements
were automatically primed to the affordances of the grasp-posture. The enhanced foveal at-
tention towards the manipulative grasp-posture may serve to gather the visual information
necessary to understand grasp-intent (Natraj et al., 2015) and could potentially be driving
the parietofrontal differences in Aim 1 (Natraj et al., 2013) and the behavioral interference
effect in our prior data (Borghi et al., 2012).
In both Aims 1 and 2, the visual stimuli were on screen for a minimum of 2 seconds.
The observer had sufficient time to direct foveal attention across scene features and gather
the visual information (Aim 2, (Natraj et al., 2015)) to ostensibly drive parietofrontal
regions that encode grasp-intent (Aim 1, (Natraj et al., 2013)), thereby delaying decisions
on tool-object relationships (Borghi et al., 2012). However, as outlined earlier, overlapping
parietofrontal regions are also involved in the control of fixation and saccades (Anderson
et al., 1994, Gaymard et al., 1998, Mort et al., 2003), visuospatial attention (Corbetta et
al., 1998) and saccadic inhibition (Chikazoe et al., 2007). Results in Aim 2 (Natraj et
al., 2015) raise the possibility that an unknown proportion of the parietofrontal differences
between the manipulative grasp and no hand conditions in Aim 1 (Natraj et al., 2013) may
in fact correspond or correlate to differential gaze patterns between the two conditions. For
instance, it is unclear if the right hemispheric parietofrontal encoding of the manipulative
grasp-posture might be differentially attenuated or modulated by restricting an observer’s
ability to direct foveal attention over scene features. The purpose of Aim 3 was to address
this ambiguity by evaluating the influence of eye movements on parietofrontal differences
between the manipulative grasp-posture and the no hand condition when encoding the same
stimuli as Aims 1 and 2 and the prior behavioral data (Borghi et al., 2012, Natraj et al.,
2013, Natraj et al., 2015).
To address the purpose of Aim 3, the experimental design contained two sub-experiments,
one wherein participants executed saccades and another wherein participants were restricted
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to processing the images using only peripheral vision, without any saccades. One method
of restricting saccades would be instruct participants to process the tool-object image using
peripheral vision while maintain fixation at center. This method of explicitly instructing
participants to restrict saccades would engage inhibition related frontal activity when view-
ing wide field complex visual stimuli (Chikazoe et al., 2007). It is probable that the amount
of active inhibition could be influenced by the type of grasp-posture, tool-object context, or
a combination of both (Castelhano et al., 2009). As a result, statistical contrasts between
conditions would be confounded by differential, inhibition related parietofrontal engage-
ment. To avoid these potential confounds in the data, a flash experiment was designed
wherein stimuli durations were shortened to 100ms. Previous research has shown that the
lower bound to initiate a saccade is approximately 120ms (Kirchner and Thorpe, 2006).
We hypothesized that a stimulus duration of 100ms would automatically eliminate saccades
without any active instruction to do so. Such a short duration stimulus would naturally
force the participant to gather the entire scene information using only peripheral infor-
mation, and subsequently rely on short term memory to evaluate tool-object content. In
a second experiment, stimuli durations were increased to 500ms, allowing for the reemer-
gence of saccades and the ability to parse the scene using continuous foveal information.
Together, these two experiments served to evaluate the role of visuospatial attention on
parietofrontal processing of the manipulative grasp-posture. To ensure that participants
were accurate in the task given the rapid nature of the stimuli, behavioral responses were
collected. The response hand used to record a correct/incorrect tool-object relationship was
counterbalanced and all three tool-object contexts were analyzed together. This was done
to rule out any potential confounds in accuracy due to the response hand especially given
the shortened duration of the stimuli. Eye movements were collected via concurrent eye
tracking equipment and by placing two electrooculography (EOG) electrodes by the side of
the left eye. For reasons similar to Aim 2, the three static hand conditions were excluded.
Similar to the all previous experiments (Borghi et al., 2012, Natraj et al., 2013, Natraj
et al., 2015), the task required participants to evaluate whether tool-object relationships
were correct or incorrect. A mass-univariate statistical approach was utilized to precisely
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capture the spatiotemporal differences between conditions at each individual electrode and
each individual time-point (channel-time pair (Pernet et al., 2011)).
Hypothesis: We hypothesized that even with the rapid image presentations, participants
would be able to successfully perform the task and have accuracies significantly greater
than chance. Similar to our prior behavioral data, we hypothesized that the manipula-
tive grasp-posture and the spatial tool-object context would delay decisions on tool-object
content (Borghi et al., 2012). With respect to eye movement, we hypothesized that the
rapid stimuli within the 100ms experiment would negate participants from directing foveal
attention towards scene features. Our major hypotheses concerned the spatiotemporal
patterns of parietofrontal activity underlying the interference effect of the manipulative
grasp-posture. In Aim 1, we had proposed the existence of a late appearing (400-600ms
after image onset) right parietofrontal network to specifically encode the intent of the ma-
nipulative grasp-posture, along with a continual left parietofrontal network to encode the
tool-object content itself. However, the results of Aim 2 had suggested that this right
parietofrontal activity could be driven by enhanced attention over the manipulative tool-
end. Given the inability of participants to direct foveal attention in the 100ms experiment
within Aim 3, we hypothesized that the right parietofrontal activity (400-600ms post im-
age onset) would be inhibited and instead, a dominant left parietofrontal network would
underlie the interference effect of the manipulative grasp-posture. In the 500ms experi-
ment, we hypothesized that the right parietofrontal activity (400-600ms post image onset)
would reemerge as participants would have to time to execute saccades and direct attention.
1.8 Integration
Given the overlap between action understanding and gaze control over parietofrontal re-
gions, Aim 3 integrated the conceptual underpinnings of Aims 1 and 2 and sought to eval-
uate the overall influence of saccades on the parietofrontal processing of the manipulative
grasp-posture. In the 100ms experiment, participants executed saccades in < 10% of trials
and their accuracy in evaluating tool-object content was above 80% in the task, though
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the stimuli durations were only 100ms. With respect to neural activity, the manipulative
grasp condition elicited a larger, negative-oriented cortical potential when compared to the
no hand condition, beginning at 130ms after image onset. This ERP difference originated
at centro-right parietal electrodes (N100 potential), and rapidly propagated to central and
right frontal electrodes, lasting till 228ms after image onset. While the functional grasp-
posture also elicited a differential N100, there was no propagation to frontal regions and in
addition, the differences with the no hand condition were much less sustained and lasted
only till about 200ms. The centro-right parietofrontal ERP response specific to the manipu-
lative grasp posture refuted our hypothesis that the absence of saccades would negate right
parietofrontal activity. However, rather than appear 400-600ms post-image onset (Natraj
et al., 2013), the ERP difference was present only in very early time-points. Importantly,
results in the 500ms experiment shed light on how saccades (in 75% of trials) altered the
parietofrontal processing of the manipulative grasp-posture. Similar to the 100ms experi-
ment, the manipulative grasp condition elicited a greater N100 potential than the no hand
condition, starting earlier than the 100ms experiment by 30ms. However, the ERP differ-
ences between the manipulative grasp and no hand conditions faded when saccade initiation
probability was maximum (approx. 210ms), thereby delaying the propagation to frontal
electrodes to 350-400ms after image onset when first saccade probabilities were minimal.
When the frontal differences did emerge, the polarity difference in the ERP was switched,
with the manipulative grasp-posture eliciting a greater positivity/lesser negativity than the
no hand condition. This result in part does support our hypothesis on the frontal processing
of the manipulative grasp-posture, as spatiotemporal activation patterns and ERP polarity
characteristics were influenced by differences in visuospatial attention mechanisms (foveal
vs. non-foveal vision). These spatiotemporal ERP difference patterns were unique to the
manipulative grasp-posture and were not observed for the functional grasp-posture, in line
with our overall hypothesis that the manipulative grasp-posture elicits unique neural encod-
ing mechanisms. Generally, results in the 500ms experiment also showed that a temporal
coupling between parietofrontal activity and eye movements. For instance, saccade initia-
tion latency across conditions was temporally related to a late-appearing positive peak in
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the ERP over parietal electrodes at around 250ms. However, this time-window was much
beyond the 100-200ms window that exhibited the N100 ERP differences between conditions.
In both experiments, it is probable that the N100 related to processing the affordances of
the grasp-posture. Over frontal electrodes, the time-points of the ERP differences (350-
400ms) preceded a differential gaze pattern (400-450ms) wherein foveal gaze position was
more likely to be fixated at the object in the no hand conditions and was more likely to be
focused at the manipulative tool-end in the manipulative grasp condition. Finally, when
directly contrasting how the affordances of the manipulative grasp-posture was encoded
in both experiments, source localization analyses revealed greater engagement of the left
middle temporal gyrus in the 500ms experiment, 100-228ms post image onset, and greater
engagement of the left precuneus in the parietal lobe in the 100ms experiment, 228-300ms
post image onset. It should be noted that the encoding of the tool-object context itself in
both experiments happened relatively much later in time, at roughly 500-700ms after image
onset. The encoding of tool-object context was constrained to left parietofrontal regions
in the 100ms experiment and elicited bilateral parietal activity in the 500ms experiment.
The fact that only the perception of grasp-specific affordances were perturbed by different
attention-related mechanisms is expounded upon further in Chapter VI.
Overall, the goal of all three Aims and this thesis was to understand the spatiotemporal
activation patterns over parietofrontal action encoding regions and eye movements during
the perception of contextual and grasp specific tool-use scenes. As detailed in the previ-
ous sections, the salient result observed in this thesis was with regard to the encoding of
the manipulative grasp-posture. Specifically, in all three Aims, the affordances of the ma-
nipulative grasp were automatically activated and influenced both parietofrontal activity
and eye movements, though the grasp per se was not essential to the task of evaluating
tool-object content. Aims 1 and 2 also showed unique neurovisual encoding mechanisms
of the manipulative grasp-posture especially when the tool-object pair itself afforded a cer-
tain degree of action (correct and spatial tool-object contexts). Aim 3 showed how such
grasp-specific action knowledge can be rapidly recalled with differential neural mechanisms
based on the ability of the observer to direct foveal attention. This automatic sensitivity
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in understanding the intent of the observed manipulative grasp-posture may correspond to
a lifetime of learning the affordances of grasp-specific action outcomes. Indeed, this thesis
presents evidence that tool-related grasping postures strongly influence understanding the
action relationships between tools and objects. Such cognitive motor knowledge may be
vital in understanding the motoric errors and outcomes of grasp-specific actions. For ex-
ample, when a mother watches her child learning to use a spoon, the errors in grasping the
bowl of the spoon is immediately apparent to the parent, who might then correct her child’s
behavior. Unique to humans, such a series of singular corrections in motor behavior through
development may subsequently consolidate adaptive action knowledge onto parietofrontal
regions. Such grasp-specific action information may be vital in navigating a human envi-
ronment that is almost exclusively shaped on complex tool-use knowledge. The potential




This thesis utilizes two means of assessing neurophysiological responses during the per-
ception of complex tool-use: Electroencephalography or EEG and eye tracking. A brief
overview of each methodology is outlined in the following sections.
2.1 Electroencephalography (EEG)
Electroencephalography or EEG is a measure of the electrical currents produced by neuronal
activity in the brain (Nunez and Srinivasan, 2006). These propagating currents have to
travel through bone, brain tissue and skin before reaching the scalp, where they are captured
as voltage drops across a recording electrode. The neurophysiology underlying a single
electrode is outlined in Figure 5.
The measured signal reflects synchronous, summed excitatory post synaptic potentials
(EPSPs) at the dendrites of spatially aligned cortical neurons (such as pyramidal neurons)
through the dipole effect. Consider a pyramidal neuron undergoing EPSPs at its basal
dendrites due to incoming neuronal communication. This neuron experiences an influx of
sodium, causing a local current sink. To conserve electrical neutrality due to this charge
imbalance, active sources of current are produced at the apical regions of the neuron by the
opening of channels facilitating cationic outflow. As a result of these processes, a pyramidal
neuron develops an electric field over its apical and basal ends and thus by basic laws of
physics, behaves as a simple current dipole illustrated in Figure 5. These local cortical
pools act as extracellular current generators. Spatiotemporal summation of synchronous
EPSPs results in electric fields radiating outwards perpendicular to the cortical layer till
they are recorded at the scalp. Action potentials on the other hand are much more transient
and generate weaker fields due to asynchronous depolarization along the axon and are not
captured in EEG. The EEG thus records synchronous post synaptic summed potentials at
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Figure 5: Snapshot of the neurophysiology underlying an EEG electrode at the scalp.
The different layers of brain tissue, bone and skin separate neuronal activity from the
recording electrode. Image also shows a pyramidal neuron undergoing the dipole effect.
This neuron is in a cortical layer perpendicular to the surface of the scalp. Generated
electric fields therefore propagate parallel to the scalp. Summation of many electric fields
from individual neuron dipoles result in a large enough signal to be captured at the scalp.
Here, the orientation of the dipole results in a weak signal at the recording electrode. (Figure
courtesy: J.C Mizelle, PhD).
the scalp generated from layers of cortical neurons in the vicinity of a recording electrode.
In this dissertation, a 58 channel EEG system is used according to the international 10-20
convention (Homan et al., 1987). A top down perspective of the 58 channel montage is shown
in Figure 6. The 10-20 system signifies the ratio of separation between electrodes relative to
the entire size of the head as measured from the naison (right above the nose bridge) to the
inion (the bony projection at the back of the skull) along the central curvature of the head
that separates the left and right hemispheres. The distance between the naison and the
first electrode at the center of the forehead (FPZ in Figure 6) and the distance between the
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inion and the last electrode at the center (Oz in Figure 6) is 10% of the overall head size as
measured from the naison to the inion. The separation between electrodes along the center
line is 20% of the overall head size. The ratio of distances between the other electrodes is
10% around the circumference, 5% between the most anterior electrodes (FP1-FPZ-FP2)
and posterior electrodes (e.g. O1-Oz-O2) and 10% between the other electrodes going along
the horizontal and vertical directions. The 10-20 system aims to therefore approximately
place each electrode over the same anatomical position irrespective of the size of the head,
which varies across the population.
As a measurement device, EEG has a few disadvantages, the chief being spatial reso-
lution. Activity from generators that lie deeper in the brain are grossly attenuated by the
time they reach the scalp and it is difficult to resolve these sources. Also, the orientation
of the cortical dipoles influence the propagation of the electric fields. For example, cortical
layers parallel to the scalp generate orthogonal fields that propagate towards an overhead
recording electrode resulting in better quality signals. Whereas perpendicular cortical layers
generate electric fields parallel to the scalp that are diminished by the time they reach the
overhead electrode and may be picked up by other nearby electrodes. The EEG signal is
also embedded in noise from different sources such as line noise, thermal noise, biological
noise, overlapping generators etc. For these reasons, the EEG signal suffers low signal to
noise ratios (SNR) and an inability to accurately identify deep neural generators. On the
other hand, there are significant advantages to EEG, namely high temporal resolution and
the ability to isolate task specific brain activity. For instance, EEG can be used to corre-
late scalp potentials to a stimulus or task (ERPs or event related potentials). This aids in
understanding neural responses at fine time scales over gross anatomical regions. This is
an example of time-voltage analyses and is a very commonly used tool in cognitive neuro-
science. The ERPs in this dissertation correspond to visually evoked potentials or VEPs
since the event itself is the onset of a visual stimulus (a tool-use scene). VEPs are typically
extracted from EEG data by averaging many trials together. The task-irrelevant activity
cancels out in the averaging process as noise since they do not tend to be time-locked to
the stimulus. On the other hand, the VEP tends to be time locked to the stimulus onset
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Figure 6: A top down overview of the 58 channel EEG montage used in this dissertation.
The location of the electrodes over the scalp followed the international 10-20 system (see
text for details). The nose is at the front and the two oblong-type shapes at the side denote
the ears. The naming convention for the electrodes is as follows: FP Frontal Polar. F-
Frontal. CA-central anterior. C Central. CP Central Posterior. T Temporal. TL -
Temporal Lateral. P Parietal. O Occipital. CB surface above Cerebellum. Electrodes
along the center dividing the head into the left and right hemispheres are along the Z-line.
Odd numbered electrodes are on the left of the head and even numbered electrodes are on
the right.
and while it is hard to identify it in single trials due to poor SNR, averaging many trials
reveals the shape of the VEP (Luck, 2014). An example of computing a VEP is shown
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Figure 7: Example of computing a Visually Evoked Potential (VEP). The top plot show-
cases many single trial responses overlaid on top of each other. X-axis is time in milliseconds
and Y-axis is in microvolts. Averaging the trials reveals the true shape of the VEP, in the
bottom plot. The VEP is time locked to the stimulus onset (vertical solid line at 450ms)
whereas the task irrelevant activity factors out as noise in the averaging process.
in Figure 7. The VEP is characterized by many distinct peaks and valleys after stimu-
lus onset. The deflection of the peaks have typically been studied in great detail in the
cognitive neuroscience literature. For example, the first peaking potential is called the C1
potential over the visual cortex that peaks within 100ms after image onset and is thought
to be generated by sensory neurons in the calcarine fissure in the striate cortex. The next
deflection is an early positive going deflection at around 100ms after image onset, called
the P100 potential and is typically observed over occipito-parietal electrodes and is thought
to reflect activity over neurons in the extrastriate cortex. The next subsequent deflection
is a negative going deflection peaking around 150ms after stimulus onset (the N100) and
is thought to reflect activity of neurons deep in the parietal lobe (Di Russo et al., 2002).
The subsequent alternating positive and negative tending potentials are called the P200,
N200, P300 and N400. The generators of these later deflections are thought to arise from
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the sustained interactions between cortical neurons and deeper structures such as the hip-
pocampus (Picton, 1992). These potentials have been broadly associated with a whole host
of cognitive functions such as early sensory processing (Di Russo et al., 2002), attention
related processing (Luck, 2014), memory related processing (Ruchkin et al., 1990), error
identification (Picton, 1992) and can even be influenced by the gender of the subject (Stef-
fensen et al., 2008). A complete overview of these potentials, their sources and functions
can be found elsewhere (e.g. (Kutas and Federmeier, 2011).
EEG signals can also be analyzed in the frequency domain. For example, a DC-30Hz
EEG signal can be decomposed (using wavelets, Fourier transforms, parametric signal mod-
eling etc.) into linear, weighted combinations of oscillations in discrete frequency bins such
as 0-4Hz (delta oscillations), 4-8Hz (theta oscillations), 8-12Hz (alpha oscillations) and 12-
30Hz (beta oscillations). These frequency oscillations are thought to control the firing of
neuronal assemblies. One way to visualize the role of the oscillations is to imagine the
neuronal assemblies to pulsate at specific frequencies based on the location of the neu-
ronal assemblies and the task demands. It is commonly thought that such oscillations may
aid in the transfer of information across brain regions that are structurally connected and
oscillating at the same rate (Engel and Fries, 2010). The density of the neuronal assem-
bly typically correlate to the intensity of the oscillations. With respect to task specific
relevance, cognitive tasks typically engage oscillations at theta cycles/frequencies, visual
tasks typically engage alpha frequencies and motor tasks engage beta frequencies. These
task-specific demands can either decrease/ increase oscillatory power with respect to base-
line oscillatory power when the brain is not engaged in the task, a phenomenon called
Event Related De/Synchronizations (ERD/S), first discovered by Pfurtscheller and col-
leagues (Pfurtscheller and Da Silva, 1999). It is thought that increase in oscillatory power
(ERS) corresponds to a stabilization in the basal or idling state. This may serve to deacti-
vate brain regions that are involved in inhibitory control. Conversely, decreases in oscillatory
power (ERD) are thought to reflect destabilizations of the idling rhythms and as the brain
is no longer in an idling state, cortical neurons may engage in task-specific demands. For
example, voluntary hand movement is characterized by ERD over the hand motor knob
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and ERS over the foot motor knob at the motor cortex. An example of a wideband view of
ERD/S is shown in Figure 8.
Figure 8: Example of computing Event Related Desynchronization/Synchronization at a
particular channel. X-axis denotes time, Y-axis denotes frequency and the color coding
represent the normalized change in oscillatory power (in S.D) with respect to the baseline
power (time periods to the left of the vertical black line at 0ms) at each specific frequency.
ERD/S is computed at each channel over many trials. In this particular figure, the frequency
content of the EEG signal was identified by sliding a 256ms Hanning window with 50%
overlap over the EEG signal and applying a Discrete Fourier Transform to the snippet
within each window (Delorme and Makeig, 2004). It can be seen in this plot that there is
significant ERD in the low beta band (12-14Hz) from 400 to 1200ms preceded by ERS in
the same frequency bins from around 20ms to 200ms.
2.2 Eye tracking
The control of human eye movements can be characterized by two key variables: fixations
and saccades (Bahill and Stark, 1979). Fixations serve to place key features of interest
on the fovea, located at the center of the macula of the retina. Saccades on the other
hand, transition foveal gaze from one feature to another. Information processing is limited
in saccades (Bahill and LaRitz, 1984) which are high-speed ballistic eye movements while
fixations capture the visual scene in fine detail. To a large degree, fixations and saccades are
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dictated by the anatomy of the eye (Kandel et al., 2000). The fovea, located at the center of
the retina contains the highest concentration of cones (color photoreceptors) and the highest
innervation to the optic nerve that relays to the primary visual cortex. There is limited
blood supply at the fovea and thus the retinal neurons at the fovea are arranged such that
light directly hits the fovea. The fovea is thus specialized for maximum visual acuity and
sharp vision, essential in understanding fine visual details. However, such a high resolution
apparatus with its complex connections is computationally expensive to be replicated all
over the retina. Hence visual acuity and photoreceptor density decays exponentially when
going away from the fovea. Therefore the brain has to plan a sequence of fixations and
saccades to place various features of interest on the fovea, thereby capturing information
necessary for perception. Pioneering work by Alfred Yarbus in the 1960s (Yarbus, 1967,
Yarbus et al., 1967) showed that fixations and saccades are very specific and do not scan
the complete field of view. When studying eye movements when viewing faces, he found
that participants focused on the eyes and mouth alone. When participants viewed natural
scenes depicting a forest, participants focused on animals or bright canopy spots and did
not scan the entire image. The brain therefore continuously weights all features of a visual
scene before initiating a saccade using a process of covert or extra foveal attention. In covert
attention, peripheral features of the visual scene not currently on the fovea are processed
in parallel. Therefore fixations serve two purposes: first, the feature currently on the fovea
is processed in finer detail. At the same time, other parts of the scene not on the fovea are
attended to using peripheral vision and the brain saccades to the next feature of interest.
There is naturally a trade-off when attending to an ’important’ extra foveal scene feature and
the distance of this feature from the center of the fovea. Thus it is currently hypothesized
that eye movements may be driven not just to gather visual information to activate the
visual cortex (and enable vision), but also in part by task specific cognitive demands that
act as a top-down filter to discard irrelevant visual information. The resultant continuous
planning of fixations and saccades forms the basis of high level visual perception. Based on
these ideas, the eye has commonly been considered as a window into the mind (Van Gompel,
2007). Therefore, analyses of eye movements during tool-use observation can potentially be
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The purpose of Aim 1 was to understand the temporal dynamics of parietofrontal acti-
vations underlying the perceptual judgment of contextual and grasp specific tool-use. As
detailed in Chapter 1, while research has shown how parietofrontal differentiate between
correct and incorrect contexts of tool-use (Mizelle and Wheaton, 2010a, b) and encode a
stand-alone tool grasp (Johnson-Frey et al., 2003), it is unclear how these regions process
more complex and adaptive tool-use scenarios wherein a tool’s action affordances are mod-
ulated by a combination of its context of use and the way it is grasped. To this end, we
had performed a behavioral experiment that measured participants’ reaction times when
they evaluated contextual and grasp specific tool-use images. There were 3 possible tool
use contexts within 4 possible hand postures, creating 12 conditions for any one tool (3
contexts by 4 hand postures). Figure 9 gives a depiction of all conditions for a partic-
ular tool. The context of tool usage was determined by its pairing with another object.
For example, hammer-nail would be a correct tool-object pairing, hammer-paper would be
an incorrect tool object pairing, hammer-wood would be a spatial tool object pairing. In
these tool-object scenes, there were four hand variations. The no hand control condition,
a static hand posture at the bottom of the scene equidistant between the tool and ob-
ject, a functional tool-grasp (grasp the hammer-handle), or a manipulative tool-grasp (hold
hammer-head). The key behavioral results revealed that unlike other grasp-postures, the
manipulative or non-functional tool-grasp-posture delayed decisions on tool-object content
when compared to the no hand control condition. It should also be noted that broadly,
this interference effect of the manipulative grasp was observed in all three contexts, but
with the strongest effects within the correct tool-object context. Thus even though the
grasp per se was not essential to the task, a non-functional or manipulative tool-grasp
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interfered in evaluating tool-object content, especially when the tool-object pair itself af-
forded a certain degree of action (Borghi et al., 2012). Importantly, the interference effect
of the manipulative grasp was present only when participants responded with their hands
and not with their feet. We had interpreted this finding as suggestive of an automatic
activation of parietofrontal regions to encode the manipulative grasp that may have in turn
disrupted participants motor response with their hands (a matching end effector) but not
with their feet (Borghi et al., 2012). Therefore the goal of Aim 1 was to understand the
parietofrontal correlates underlying this interference effect observed in this prior behavioral
experiment. In the experiment here, we did not collect behavioral responses as we did not
want motor control (motor execution/inhibition) to confound activity over parietofrontal
and motor regions. To correlate the spatiotemporal dynamics of parietofrontal activations
with the prior behavioral results, the hypotheses here included EEG data up to 600ms
post image onset. This would allow for the 150ms differential in theoretically producing a
motor response given that the average response time in our prior behavioral data was 750ms.
3.2 Hypotheses
Within the correct tool-object context, the manipulative grasp-posture would elicit tem-
porally extended activity over left hemispheric parietofrontal regions when compared to
the no hand control condition, with corresponding spectral differences in the beta band.
Left parietofrontal regions are well known to be involved in storing tool-use knowledge and
in motoric beta band processing of tool-use (Chao and Martin, 2000, Krliczak and Frey,
2009, Mizelle et al., 2011). The temporally extended left hemispheric parietofrontal activity
therefore would correspond to the observer trying to resolve the conflict due to the atypical
grasp posture. We also hypothesized that the time scales of these activations would be in
line with our prior behavioral data (Borghi et al., 2012). Conversely, we hypothesized that
there would be no such extended differences between the other grasp-postures (functional,
static hand) and the no hand control condition. Finally, we hypothesized that the differ-
ential parietofrontal activations between the manipulative grasp and the no hand control
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condition would be maximal in the correct tool-object context wherein action affordances
are already at a maximum and support tool-object engagement.
3.3 Methods
3.3.1 Subjects
Sixteen (16) right-handed adult subjects (8 male, mean age, 21.2; SD, 1.3) were recruited for
this research study. The experimental protocol was approved by the Institutional Review
Board at Georgia Institute of Technology and each subject provided their written informed
consent before the start of the experimental session. Subjects were healthy based on self-
report, and had no history of neurological illness or injury.
3.3.2 EEG data acquisition
Subjects were seated comfortably in a chair with no restraints and fitted with a standard
58 channel tin electrode EEG cap (Electrocap, Eaton, OH) in accordance with the interna-
tional 10-20 system. Neural activity was recorded using Synamps 2 (Neuroscan, Charlotte,
NC). As well, two electrodes were placed above and below the left eye to record electroocu-
lographic activity (EOG). These EOG channels were used offline to extract ocular artifacts
(eye movement and eyeblink) from the EEG signal using adaptive filtering. Data acquisi-
tion was performed using a right ear reference at a sampling rate of 1000 Hz. The left ear
was also recorded and was used offline in creating a linked ears reference. Visual stimuli
were presented on a 20 inch widescreen display using Stim (Neuroscan, Charlotte, NC), at
a distance of 6 feet from the subjects. The display was placed in the middle of their visual
field and the height of the display was matched to the seated eye of the subject.
3.3.3 Experimental design
We used the same stimuli from our previous behavioral study which were images composed
of tools, objects, and a hand interacting with the tools in various grasps. All images were
normed according to visual complexity, tool recognition, and familiarity (Borghi et al.,
2012). There were 23 tools with 12 possible variants of grasp and context within each tool
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Figure 9: The combination of 3 tool-use contexts along each row and four type of hand-
grasps along each column shown here for an exemplar tool, together giving rise to 12 condi-
tions with varying affording properties. A tool is defined by an object in the right hemifield
of the image that can be used by an actor to interact with an object in the left hemi-
field. When presented with these images, participants were asked to evaluate the motoric
relationship between the tool and object pairs i.e. if the tool-object pair was functionally
correct or incorrect.
(12 conditions); therefore there were a total of 23 X 12 = 276 images. Sorting all the images
based on condition gave 23 images per condition. Each image was presented twice. Due
to the large number of potential images, 17 (out of 23) images per condition were pseudo-
randomly pre-selected for each subject. Therefore each subject viewed 408 images in total
(17 pictures X 12 conditions X 2 presentations per picture). The presentation of these
visual stimuli was equally distributed across 4 data acquisition blocks. Each block lasted
approximately 11 minutes. The design of each block is outlined in Figure 10. Subjects
viewed two sequential cues followed by the stimulus. The first cue was a circle, lasting
4000ms, to indicate a rest phase. The second cue was a cross lasting 500ms, which indicated
an image was pending. Immediately following the cross, the target tool-object image was
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presented on the screen for 2000ms. The circle cue then reappeared, and this cycle of rest-
warning-stimulus repeated for the duration of the block. Continuous EEG was recorded
for this duration. Image presentations were synched with the continuous EEG traces using
Stim2 (Compumedics, Charlotte, NC). Unique codes generated by Stim2 identified the
onset of each image presentation in the EEG signal to facilitate analysis. Participants were
required to passively evaluate the appropriateness of tool-use i.e., whether the tool-object
pair was functionally correct or incorrect.
Figure 10: This figure details the design of this study and also highlights the time course
of an EEG epoch.
3.3.4 Data analysis
The raw EEG data was first low pass filtered from DC-30Hz. An epoch was then constructed
by extracting data from 1000ms before to 2000ms after tool-object image onset (Figure
41
10). Each epoch was therefore 3000 ms long (-1000 2000ms), with 0 corresponding to
appearance of the tool-object image on screen and -500 corresponding to presentation of
the cross indicating that an image was pending. Using custom scripts in Neuroscan and
MATLAB (Mathworks, MA), the extracted epochs were then linear detrended and baseline
corrected to the first 500ms (-1000 to -500ms), until onset of the warning cue. This allowed
identifying ERPs in each epoch by factoring in task-irrelevant neural activity in the baseline
interval. Intervals right before the image onset were not used as baseline as active processing
of the cue might be ongoing. Epochs were sorted based on the 12 conditions. Epochs were
then corrected for ocular artifacts (eye movement and eye blink) using the Recursive Least
Squares Algorithm (Liavas and Regalia, 1999, He et al., 2004) implemented through the
EEGLAB AAR Toolbox (Delorme and Makeig, 2004, Gmez-Herrero, 2007). Typically,
EEG artifact correction is done by visual inspection of trials and discarding those with
blinks, a processing step that results in a substantial loss of data. Alternatively, blind
source separation methods which aim to decompose the EEG dataset into its principal
components (PCA) or independent components (ICA) (Hyvrinen et al., 2004) typically
are able to isolate the noise component very well as the noise component produces the
most variance in the data. However, this method also requires subjective identification of
the noise component. An alternative and automated method is to use the data from the
EOG electrodes themselves which pick up the artifact caused by eye movements and eye
blinks. A simple subtraction of the EOG signal from the EEG signal is not feasible as
the polarity, intensity and latency of the artifact is different at every electrode as the eye
artifact propagates from the anterior to the posterior electrodes. However, the EOG signal
is statistically correlated with the EEG signal during eye movements and eye blinks. The
RLS algorithm tries to identify this correlation between the EEG signal and EOG signal
to correct for artifacts by minimizing the least squares error at every time point between
the true signal and the signal with noise. The exponential weighting of the least squares
error while calculating the adaptive filter coefficients makes RLS attractive for EEG artifact
correction, as it follows the non-stationary trends of the EEG signal very well (Hayes, 2009)
(Figures 11 and 12).
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Figure 11: Example of artifact correction in the EEG signal due to an eye blink using
adaptive filtering
A threshold magnitude of 75V was applied to reject epochs with residual noise. Research
has shown that visually evoked response amplitudes are susceptible to non-task related
differences, such as gender, societal influences (Steffensen et al., 2008) and age (Falkenstein
et al., 2001). To counter this inter-subject variance, data for all 16 subjects were resampled
to 1000 epochs according to the bootstrap procedure (Efron and Tibshirani, 1993, Mizelle
and Wheaton, 2010a). Sixteen (16) new pseudo-subjects were created from the resampling
procedure and these data were then subjected to time voltage analysis.
3.3.5 Time voltage analyses
To assess regional voltage-based effects, five Regions of Interest (ROI) were constructed
based on the 10-20 convention and our hypotheses concerning parietofrontal activations:
Left frontal: electrodes F7, F5, F3; Right frontal: electrodes F4, F6, F8; Left Motor:
electrodes C3, C1, Cz; Left Parieto-temporal: electrodes TCP1, C3P, P5, P3; Right Parieto-
temporal: electrodes TCP2, C4P, P4, P6, highlighted in Figure 13.
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Figure 12: Evolution of the recursive least squares filter’s weights with respect to the
artifact correction in Figure 11.
Figure 13: (Left) Visual of the EEG cap and the ocular electrodes (EOG). (Right) Selection
of parietofrontal-motor electrodes from the whole brain (middle) based on the hypothesis
of the study.
Time voltage waveforms were grand averaged per subject and condition across each
ROI to obtain visual evoked responses at the single subject level. Given the complexity
of the stimuli that could elicit multiple peaks in the visually evoked responses (VEPs)
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with subtle variations from person to person, the VEPs were windowed and mean voltages
within the window were analyzed (area under the evoked response curve). Based on the
location and characteristics of these peaks, three windows of interest were chosen post
hoc: Early phase (100-200 ms) after picture presentation; Middle phase (200-400 ms) after
picture presentation; Late phase (400-600 ms) after picture presentation. Since our prior
behavioral study had average subject response times of about 750 ms for the same visual
stimuli, we did not analyze any EEG epoch beyond 600ms (with the 150 ms differential
to account for the motoric processing underlying subjects’ response required in our prior
work). Analyzing binned data this way made it easier for us to relate spatiotemporal
patterns of parietofrontal activations to time scales from our behavioral study. Within each
time window, voltage values were averaged within subjects and conditions for each ROI
to yield a mean voltage for each ROI, Subject and Condition. Statistical analyses were
performed on the resultant means. For each time window, voltage means were compared
using a 3-way analysis of variance (ANOVA) at the p<0.05 level, with the following within-
subject factors: Hand (4 levels; no hand, static hand, functional, manipulative), Context
(3 levels; correct, incorrect and spatial), and Region (5 levels; Right and Left Frontal, Left
Motor, Left and Right Parieto-Temporal). Post-hoc t-tests were used to determine effects
of Hand within each ROI (p<0.01), wherever allowable. As our interests were focused on
the role of hand postures within a context, the no hand condition was used as control and
individual t-tests were run (static hand vs. no hand, functional vs. no hand, manipulative
vs. no hand) at each ROI, within each context to estimate the effect of hand posture on
visually evoked responses. In line with our hypotheses, the post-hoc t-tests design did not
compare all hand and context conditions with each other directly (such as manipulative
vs. functional) (Nieuwenhuis et al., 2011) since we were not interested in the differences
between a functional and manipulative grasp per se in this study. Our primary interests
were in contrasting the manipulative posture vs. the no hand control condition within each
context to infer unique spatiotemporal activations due to this hand posture that might
speak to our prior behavioral results. As well, we aimed to examine if similar differences
against control exist for the functional and static hand postures. To this end post-hoc
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tests were carried out relative to the no hand condition and we qualitatively discuss the
spatiotemporal differences in post-hoc contrasts (functional vs. no hand, static hand vs. no
hand within each context).
3.3.6 Time frequency analyses
We evaluated the time varying properties of the EEG signal in the frequency domain. We
carried out time frequency analyses in Matlab using EEGLAB (Delorme and Makeig, 2004),
specifically evaluating Event Related Spectral Perturbations (ERSP) (Makeig, 1993, Makeig
et al., 2004). ERSP are generalizations of ERD/ERS (Event Related De/Synchronization)
in the power spectra as they offer a wide band view of the data in the frequency domain
[DC-30Hz here] and additionally, statistically quantify the increase/loss in power with re-
spect to baseline. First, all the epochs for each condition across all subjects were pooled
together. Within this pool, epochs corresponding to specific electrodes within each ROI
were then extracted and grouped together and the data were resampled. EEG power spec-
trum (DC-30Hz) was then computed per epoch using a 512 data point (512ms as Fs =
1000Hz) Fast Fourier Transform (FFT) tapered with a moving Hanning window, 50% over-
lap. This window size was chosen to obtain adequate frequency resolution while at the same
time corresponding to the window length in the time-voltage analyses (200ms). The first
500ms (-1000 -500ms) was considered as baseline and used to compute significant changes
in power (p < 0.01, False Detection Rate corrected (Genovese et al., 2002)). The baselined
power spectra were averaged across all subjects resulting in grand averaged EEG ERSP
for each of the 12 conditions, across all 5 ROI. We focused on the effect of the manipu-
lative hand posture against the no hand condition within a context, as was done in the
time-voltage analyses. To this end, ERSP of the no hand condition was statistically (p
< 0.001, uncorrected) compared to the manipulative posture. Similar to the time-voltage
analyses, the hand posture conditions were not directly compared to each other (such as
functional vs. manipulative). Analyses were primarily restricted to the comparison of the
manipulative posture with respect to the no hand control condition within the correct and
spatial contexts. The ROI used in these contrasts were derived from significant findings in
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the time-voltage statistics and are described in detail in the subsequent results section.
3.4 Results
3.4.1 Time-voltage analyses
For each time window (early, middle and late), a separate 3-way ANOVA was computed
with the following factors: Hand (four levels: No hand, Static hand, functional and ma-
nipulative), Context (three levels: correct, incorrect and spatial) and Region (five levels:
Left and Right Frontal, Left Motor, Left and Right Parieto-temporal areas). The 3-way
ANOVA computed on the early phase, [100 - 200ms] after picture presentation, revealed a
three way interaction of Context x Hand x Region [F(24,900) = 2.26, p < 0.05], with a main
effect of Region [F(4,900) = 551.96, p < 0.05] and a two way interaction of Context x Hand
[F(6,900) = 8.15, p < 0.05]. The middle phase [200 - 400ms] revealed a significant three way
interaction, Context x Hand x Region [F(24,900) = 1.54, p < 0.05], with a main effect of
Region [F(4,900) = 884.88, p < 0.05] and a significant two way interaction: Context x Hand
[F(6,900) = 11.8, p < 0.05]. Analysis on the late phase [400 - 600ms] revealed a significant
three way interaction of Context x Hand x Region [F(24,900) = 1.85, p < 0.05] with a
main effects of Region [F(4,900) = 707.92, p < 0.05] and Hand [F(3,900) = 24.05, p<0.05]
and the following significant two way interactions: Context x Hand [F(6,900) = 3.86, p <
0.05], Hand x Region, [F(12,900) = 4.27, p < 0.05]. Given the three way interactions with
subsequent main effect of Region and two way interaction of Context x Hand, post-hoc
t-tests enabled us to evaluate the contrasts of the various hand conditions (manipulative,
functional and static hand) with respect to the no hand control condition, within a specific
context and over individual ROIs across all three time windows. The results of these ROI
analyses are presented in the following sections and Figures 14-16 depict the results. Addi-
tionally, 3-way ANOVAs on all conditions confirmed (p<0.05) that i) EEG traces did not
differ in the baseline period, ii) EEG waveforms were not divergent at stimulus presentation
and iii) convergence of EEG waveform traces of all conditions back to baseline 1.5 seconds
post stimulus.
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3.4.2 Left frontal area
3.4.2.1 Early phase
Since we were primarily concerned with the effect of Hand, we conducted two tailed t-tests
within each context, comparing no hand to other hand conditions. Figure 14A illustrates
the results of the left frontal area. When context was correct, the no hand posture differed
significantly from static hand [t(30) = 6.91, p < 0.01], functional [t(30) = 3.31, p < 0.01]
and manipulative [t(30) = 3.52, p < 0.01] hand postures. When context was incorrect, only
manipulative differed from no hand, [t(30) = 3.97, p < 0.01]. When context was spatial,
there were no statistical differences among the hand conditions.
3.4.2.2 Middle phase
In the middle phase, some of the early effects were maintained; two tailed t-tests show that
when context was correct, no hand differed significantly from static hand [t(30) = 3.11, p <
0.01] and manipulative [t(30) = 2.95, p < 0.01] postures. Within the incorrect context, only
the functional grasp significantly differed from no hand [t(30) = -2.95, p < 0.01]. Whereas
when context was spatial, there were no statistical differences among the hand conditions.
3.4.2.3 Late phase
Finally, in the late phase, two tailed t-tests show that when context was correct, there was
no statistical difference between hand conditions. When context was incorrect, no hand
differed significantly from functional [t(30) = -5.53, p < 0.01] and manipulative [t(30) =
-5.68, p < 0.01] postures. Uniquely, when context was spatial, no hand differed from the
manipulative posture [t(30) = -3.82, p < 0.01].
3.4.3 Left Parieto-temporal Area
3.4.3.1 Early phase
Figure 14B illustrates the results of the Left Parieto-Temporal area. When context was
correct, no hand differed significantly from static hand [t(30) = 4.21, p < 0.01], functional
[t(30) = 4.68, p < 0.01] and manipulative [t(30) = 5.19, p < 0.01] postures. When context
was incorrect, no hand differed significantly from static hand [t(30] = 3.84, p < 0.01],
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Figure 14: Time-Voltage Activations over the A) left frontal and B) left parietotemporal
areas. Time windows of interest are from [100-200ms], [200-400ms], [400-600ms] post stimu-
lus presentation. All statistical comparisons are made by comparing static hand, functional
and manipulative hand postures with respect to the no hand condition at the p<0.01 level.
These comparisons are performed for each tool object context along each row, with the
following markers of significance in a particular time window of interest. F : manipulative
significant,  : functional significant and N : static hand significant.
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functional [t(30) = 2.81, p < 0.01] and manipulative [t(30) = 3.31, p < 0.01] postures.
When context was spatial, no hand differed significantly from static hand [t(30) = 3.59, p
< 0.01] and functional posture [t(30) = 6.19, p < 0.01].
3.4.3.2 Middle phase
When context was correct, no hand differed significantly from manipulative posture [t(30)
= 3.39, p < 0.01]. When context was incorrect, no hand differed significantly from manip-
ulative [t(30) = -2.91, p < 0.01] posture. When context was spatial, no hand did not differ
from any other conditions.
3.4.3.3 Late phase
When context was correct, there were no statistical differences. When context was incorrect,
no hand differed significantly from manipulative posture [t(30) = -4.99, p < 0.01]. When
context was spatial, no hand differed significantly only from the manipulative posture [t(30)
= -6.8, p < 0.01].
3.4.4 Right frontal area
3.4.4.1 Early phase
Figure 15A illustrates the results of the right frontal area. When context was correct, the
no hand condition differed significantly from static hand posture [t(30) = 4.99, p < 0.01].
When context was incorrect, no hand differed significantly from manipulative posture [t(30)
= 3.32, p < 0.01]. When context was spatial, there was no statistical difference among the
hand conditions.
3.4.4.2 Middle phase
There were no statistical differences in the middle phase across all hand postures with
respect to no hand condition.
3.4.4.3 Late phase
Over the right frontal area, two tailed t-tests show that when context was correct, no hand
differed significantly only from the manipulative posture [t(30) = -6.06, p < 0.01], evidence
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that the manipulative posture could drive extended neural processing . When context
was incorrect, no hand differed significantly from functional [t(30) = -5.08, p < 0.01] and
manipulative postures [t(30) = -9.14, p < 0.01]. When context was spatial, no hand differed
from the manipulative posture [t(30) = -6.16, p < 0.01].
3.4.5 Right Parieto-temporal Area
3.4.5.1 Early phase
Figure 15B illustrates the results of the Right Parieto-Temporal area. When context was
correct, no hand differed significantly from static hand [t(30] = 3.61, p < 0.01], functional
[t(30] = 4.65, p < 0.01], and manipulative [t(30) = 5.08, p < 0.01] postures. When context
was incorrect, no hand differed significantly from static hand [t(30] = 5.22, p < 0.01],
functional [t(30) = 5.02, p < 0.01] and manipulative [t(30) = 3.65, p < 0.01] postures.
When context was spatial, no hand differed significantly from static hand [t(30) = 3.06, p
< 0.01] and functional posture [t(30) = 4.52, p < 0.01].
3.4.5.2 Middle phase
When context was correct, no hand differed significantly only from the manipulative posture
[t(30) = 3.33, p < 0.01]. When context was incorrect or spatial, no hand did not differ
significantly from any other hand condition.
3.4.5.3 Late phase
When context was correct, no hand differed significantly from manipulative postures [t(30)
= -2.87, p < 0.01]. Together with the Right Frontal, the Right Parieto-temporal area is
sensitive to the manipulative grasp, with extended neural activations. When context was
incorrect, no hand differed significantly from manipulative posture [t(30) = -4.67, p < 0.01].
When context was spatial, no hand differed significantly only from the manipulative posture
[t(30) = -6.35, p < 0.01].
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Figure 15: Time-Voltage Activations over the A) right frontal and B) right parietotemporal
areas. Time windows of interest are from [100-200ms], [200-400ms], [400-600ms] post stimu-
lus presentation. All statistical comparisons are made by comparing static hand, functional
and manipulative hand postures with respect to the no hand condition at the p<0.01 level.
These comparisons are performed for each tool object context along each row, with the
following markers of significance in a particular time window of interest. F : manipulative
significant,  : functional significant and N : static hand significant.
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3.4.6 Left motor areas
3.4.6.1 Early phase
Figure 16 illustrates the results of the left motor area. When context was correct, no hand
differed significantly from static hand [t(30) = 3.04, p < 0.01], functional [t(30) = 3.64, p
< 0.01] and manipulative postures [t(30) = 4.06, p < 0.01]. When context was incorrect,
no hand differed significantly from static hand [t(30) = 4.09, p < 0.01], functional [t(30)
= 3.34, p < 0.01] and manipulative postures, [t(30) = 4.05, p < 0.01]. When context was
spatial, no hand differed significantly from the functional posture alone [t(30) = 3.53, p <
0.01].
3.4.6.2 Middle phase
When context was correct, no hand differed significantly from manipulative posture [t(30)
= 2.97, p < 0.01]. There were no differences when context was incorrect or spatial.
3.4.6.3 Late phase
Focusing on the late phase, when context was correct, no hand did not differ significantly
from any other hand condition. When context was incorrect, no hand differed significantly
from functional [t(30) = -4.18, p < 0.01] and manipulative, [t(30) = -4.84 p < 0.01] postures.
When context was spatial, no hand differed significantly only from the manipulative posture
[t(30) = -6.43, p < 0.01] advancing insight into the neural processing of the manipulative
grasp and the spatial context.
3.4.7 Time-frequency results
The time varying ERSP of the EEG signal [DC 30Hz] was computed to investigate outcomes
in frequency power. Only ROIs with significant differences in the time-voltage analyses that
were relevant to our hypotheses were analyzed. Using ERSP plots, we were able to identify
distinct changes in power within unique bands. Statistical differences in the ERSP for the
correct and spatial contexts when manipulative was compared to the no hand condition are
shown in Figures 17 and 18.
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Figure 16: Left motor time-voltage results. Time-Voltage Activations over the left motor
electrodes. Time windows of interest are from [100-200ms], [200-400ms], [400-600ms] post
stimulus presentation. All statistical comparisons are made by comparing static hand,
functional and manipulative hand postures with respect to the no hand condition at the
p<0.01 level. These comparisons are performed for each tool object context along each
row, with the following markers of significance in a particular time window of interest. F :
manipulative significant,  : functional significant and N : static hand significant.
3.4.7.1 Correct context
Over the right frontal area, when context was correct, the manipulative posture had signifi-
cantly more positive differences in power (p < 0.001, uncorrected) when compared to the no
hand condition, specific to theta and low alpha frequency bands [4-10Hz]. This modulation
emerges early and sustains throughout all time-windows of interest as can be seen in Figure
17A. Over the right parietal area, manipulative posture exhibited both positive and nega-
tive differentials. In the beta band [15-20Hz], no hand condition had more negative ERSP
than manipulative; therefore (manipulative no hand) resulted in a positive differential (see
figure caption for detailed explanation). In alpha band [8-10Hz], manipulative exhibited a
larger negative ERSP (ERD) than no hand, giving rise to a negative differential. These
modulations were present only in the late window (p<0.001, [400-600ms]) and the statistical
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Figure 17: Differential Event related spectral perturbation statistical comparisons at the
p<0.001 level (uncorrected) between the manipulative and no hand conditions (when con-
text is correct) in the time-frequency domain. Red signifies that the manipulative condition
has significantly more positive power. Blue signifies that no hand condition had significantly
more positive power, as measured along the entire real line [−∞ to −∞. For example -2
is more positive than -4, while 4 is more positive than 2]. A) Spectrogram outlining the
differences in frequency power over the right frontal area, from [0-600ms] post stimulus
presentation. B) Spectrogram outlining the differences in frequency power over the right
parietotemporal area from [0-600ms] post stimulus presentation.
differences are shown in Figure 17B.
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Figure 18: Differential Event related spectral perturbation statistical comparisons at the
p<0.001 level (uncorrected) between the manipulative and no hand conditions (when con-
text is spatial) in the time-frequency domain from [0-600ms] post stimulus presentation.
Blue signifies that manipulative condition had significantly more negative power, as mea-
sured along the entire real line [−∞ to ∞. For example, -4 is more negative than -2]. Red
signifies that the no hand condition has significantly more negative power. Spectrograms
outline the differences in power over bilateral parietotemporal and left motor areas.
3.4.7.2 Spatial context
The manipulative posture alone engages bilateral parietofrontal networks and the left motor
area, with significantly greater beta band ERD than no hand [12-16Hz, 20-25Hz], resulting
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in an overall negative differential. These power differences are present only in the late phase
(p<0.001, [400-600ms], uncorrected) and are shown in Figure 18.
3.5 Discussion
The overarching goal of Aim 1 was to probe the neural correlates underlying results from
our prior behavioral data (Borghi et al., 2012). We aimed to understand the spatiotemporal
patterns of parietofrontal activations in response to viewing contextual and grasp specific
stimuli. Specifically, we hypothesized that compared to the no hand control, the manipula-
tive grasp condition would uniquely elicit prolonged activity over left parietofrontal regions
known to be involved in tool-use understanding with corresponding beta band spectral dif-
ferences. We hypothesized these activations to be maximal in the correct tool-object context
that had maximal action affordances. Given the diffuse nature of the the EEG recordings
at the scalp, temporal electrodes were also included in the parietal electrode pool. Results
here did in part support our hypotheses; unlike the static hand and functional grasp con-
ditions, the manipulative grasp uniquely elicited robust and prolonged activations when
compared to the no hand control. The static hand and functional grasp conditions only
elicited early differences with respect to the no hand control conditions (up to 400ms post
image onset). However, the laterality of the parieto-temporal-frontal differences were not
in line with our hypotheses, as we observed a late appearing right parietofrontal difference
between the manipulative grasp and no hand conditions in the correct context, and a late
appearing, bilateral parietofrontal difference within the spatial context. It should be noted
that the difference between the two conditions was present in the incorrect tool-object con-
text as well. These results offer a neural explanation of the behavioral outcomes seen in
our prior work, and introduce potential neural mechanisms outside of the left parietofrontal
network commonly engaged in deciphering tools and tool-object based action (Chao and
Martin, 2000, Johnson-Frey et al., 2005, Krliczak and Frey, 2009).
With respect to the spatiotemporal patterns in the parietofrontal differences between
the manipulative grasp condition and the no hand control within the correct context, ERP
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results showed early left parietofrontal-motor and right parietal differences followed by an
exclusively late appearing, right parietofrontal difference. In addition, time-frequency re-
sults contrasting the two conditions primarily showed significant right frontal theta ERS
for the manipulative grasp condition. Therefore, it appears that there are two networks at
play: an early left parietofrontal-motor and right parietal network to process the familiar,
correct tool-object context and a unique, late appearing right parietofrontal network to
process the manipulative grasp-posture with increased oscillatory power in the theta band
over the right frontal area. It is likely that the right parietofrontal activity could correspond
to the mirror neuron system (MNS), a set of specific parietofrontal circuits that are active
during both action observation and action execution (Iacoboni et al., 2005). Rather than
process the motoric properties of tools and the prehensile properties of tool-use gestures,
research has shown these neurons to process the goal or intent of the gesture via an internal
motor simulation of the gesture itself (Iacoboni et al., 2005, Iacoboni and Dapretto, 2006).
While many studies have shown the MNS to be left hemispheric dominant, studies have also
suggested right hemispheric involvement (Aziz-Zadeh et al., 2006). Of particular interest is
the fMRI experiment by Iacoboni et al. who demonstrated that the posterior right inferior
frontal gyrus was significantly active in deciphering the goal or intent of a tool-use gesture
when subjects differentiated the same grasping gesture embedded in two different contexts
(pick up a cup to drink from a clean table vs. pick up a cup to clean from a dirty table)
(Iacoboni et al., 2005). Therefore the right frontal activity here might be indicative of the
MNS in deciphering the intent of the manipulative grasp. Since the functional grasp is
already familiar, it may not have elicited extended right frontal activity and only elicited
early left parietofrontal differences with respect to the no hand condition. With respect
to the frequency oscillations over the right frontal area, theta synchronizations have been
implicated in having a role in the MNS via Hebbian learning mechanisms (Del Giudice et
al., 2009) and may be in involved in motor imagery of the grasp (Caplan et al., 2003). Theta
frequency oscillations may demonstrate a mechanism whereby specific frequency oscillations
serve to bind action perception with action memories.
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With respect to the spatial tool-object context, the manipulative posture alone was char-
acterized by extended (around 600ms) bilateral parietofrontal and left motor differences in
time-voltage and time-frequency domains, while the functional grasp and static hand elicited
only early bilateral parietal, left motor and bilateral parietal activity respectively. Time-
frequency results showed significant bilateral alpha and beta ERD for the manipulative
grasp condition with respect to the no hand control condition. This result was contrary to
out hypotheses where we had posited that parietofrontal differences would be restricted to
the correct context alone where action affordance was highest. However, there were qual-
itative differences in the manner the manipulative grasp-posture was processed within the
spatial tool-object context. Specifically, the differences between the manipulative grasp and
the no hand condition surfaced only in the late phase (400-600ms post image), while being
similar until 400ms. We theorize this delay to be attributed to the ambiguous nature of
the tool-object relationship where action affordances are not immediately apparent, with or
without the manipulative posture that ostensibly does not affect early processing of affor-
dances. At the same time, the differences were bilateral and not just restricted to the right
hemisphere. The late bilateral parietofrontal and left motor differences in both time-voltage
and time-frequency domains may underlie two networks at play in evaluating the image: a
right parietofrontal network to comprehend the unfamiliar hand action (presumably right
mirror neuron networks) and a left parietofrontal, motor network to decode possible action
in the spatial context. In the frequency domain, increased ERD was present for the manip-
ulative posture vs. no hand over the aforementioned areas dominant within two frequency
bins [12-17Hz and 20-25Hz]. Use of bilateral beta band parietofrontal networks continually
in the late phase would permit for ongoing evaluation of the intent of the action scene and
perhaps ongoing activation related to the content of the scene itself (Chao et al., 2002,
Mizelle et al., 2011), to determine if action is possible between the tools and objects as
discrete entities.
With respect to the incorrect context, parietofrontal differences did emerge between the
manipulative grasp and no hand conditions over bilateral parietal and left motor areas. The
late phase (400-600ms) was also characterized by left motor and bilateral frontal differences
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between the no hand and functional grasp-posture. Thus even in the incorrect context, the
manipulative grasp elicited significant differences with respect to the no hand condition.
However, the neural encoding between the two conditions was not as clear as the correct
and spatial tool-object contexts given that the functional grasp condition also differed from
the no hand conditions. While this result is outside the scope of our hypotheses, they pro-
vide evidence that by and large, the interference effect of the manipulative grasp-posture is
observed across all three contexts. Importantly, it should be noted that it is not the mere
presence of a hand per se that elicited these differences, as similar parietofrontal differences
were not observed in the static hand and functional grasp conditions.
3.6 Conclusion
The results of Aim 1 revealed that when passively evaluating tool-object content, the ma-
nipulative grasp elicited temporally extended parietofrontal activations when compared to
the no hand control condition within all three contexts. In addition, the time scales of these
activations were in line with the prior behavioral data. Within the correct context, the ma-
nipulative grasp elicited extended responses over right parietofrontal areas with significant
power increases in the theta band [4-8Hz] over the right frontal area. Within the spatial
context, the manipulative grasp elicited significant bilateral parietofrontal and left motor
activations with significant power decreases in the beta band [12-16Hz, 20-25Hz]. The static
hand and functional grasp conditions did not elicit such temporally extended and reliable
parietofrontal activations in all three contexts. Results from Aim 1 suggest that though the
grasp per se is not essential to the task, the manipulative grasp automatically primes action
encoding regions to decode grasp intent by various mechanisms that appears to be sensitive
to the tool-object context itself. These phenomena can therefore possibly underlie previ-
ously observed delayed responses with the same stimuli (Borghi et al., 2012). Given that
action understanding and gaze control overlap over the same parietofrontal networks, in
the next chapter we investigate whether gaze patterns are also sensitive to the interference





The results from Aim 1 showed differential parietofrontal involvement when participants
were processing the manipulative grasp-posture as compared to the no hand condition
(Natraj et al., 2013). From a behavioral perspective, the manipulative grasp-posture also
elicited longer decision times on tool-object content when compared to the no hand control
(Borghi et al., 2012). This interference effect was observed in all three contexts with the
most robust effect within the correct and spatial tool-object contexts. Results from Aim
1 therefore suggest that parietofrontal action encoding regions were automatically primed
to process the intent of the manipulative grasp though the grasp per se was not essential
to evaluating tool-object content. However, given the anatomical overlap between action
encoding and gaze control over the same parietofrontal regions, it is likely that eye move-
ments may also be influenced by the affording properties of tool-use scenes. Understanding
how the observer parses or visually encodes complex tool-use scenes in real-time can shed
light on the type of action information that may potentially be driving action encoding
regions. This issue is especially important as the visual encoding of tool-use affordances is
still poorly studied in the literature. Indeed, an important premise in action encoding the-
ory is that affordances influence how an observer gathers the visual information to activate
parietofrontal action encoding regions (Humphreys et al., 2010, Yoon et al., 2010). How-
ever, the link between tool-use affordances and visual attention has typically been studied
in an indirect manner by correlating latencies in neural and behavioral responses to dif-
ferent types of tool-use scenes, a method we have also used in our prior work and in Aim
1 (Borghi et al., 2012, Natraj et al., 2013). While such an approach sheds light on how
affordances influence the global visual processing of tool-use scenes, it does not allow mak-
ing inferences on the complete relationship between tool-use affordances and visuospatial
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attention, i.e., how affordances influence the manner in which an observer spatiotemporally
parses the discrete features of the tool-use image. For instance, it is unclear if there could
a difference in spatiotemporal gaze position when an observer evaluates tool-object scenes
with and without the manipulative grasp-posture. Such a difference can help identify the
type of visual information that may be driving the neural activations and interference effect
observed in our previous studies with the same stimuli (Borghi et al., 2012, Natraj et al.,
2013). Understanding how an observer visually parses tool-object scenes in real-time and
under free viewing conditions can provide a valuable window into ongoing action encoding
processes.
To address this aforementioned issue, we used eye tracking to evaluate the relationship
between tool-use affordances and gaze control. Eye tracking has the advantage of directly
evaluating the influence of affordances on the temporal allocation of visuospatial attention.
We used the same stimuli as Aim 1 and the prior behavioral work. However, the static hand
conditions across all three contexts were not included in this study as the results from the
prior behavioral data and Aim 1 showed that they were processed largely similar to the no
hand conditions (Borghi et al., 2012, Natraj et al., 2013). Our primary goal in this study was
to assess how the combination of tool-object context and tool-grasp influenced the control of
eye movements as participants passively evaluated the appropriateness of tool-object rela-
tionships, with emphasis on the visual encoding of the interference effect of the manipulative
grasp. We focused on two key aspects of gaze behavior: gaze scanpaths after saccade ini-
tiation over the areas of interest in the stimuli (AOI), and the relative weighting of the AOI.
4.2 Hypotheses
We posited that clustering of gaze scanpaths and AOI weightings would group conditions
primarily by context (correct, incorrect, spatial) since the task required participants to pas-
sively evaluate tool-object content. Within each of the 3 context clusters, we hypothesized
that the manipulative grasp-posture would be distinct from the no hand and functional
grasp-posture with the strongest distinctions or between-condition separation in the correct
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and spatial contexts, in line with results from Aim 1 (Natraj et al., 2013).
4.3 Methods
4.3.1 Participants
Eight subjects (4 male, 4 female, mean age = 23.1 years, S.D. = 1.7) participated in the
study after giving their informed consent as per the Georgia Tech Institutional Review
Board (IRB). Subjects were right handed based on the Edinburgh Handedness Inventory
(Oldfield, 1971). All participants had normal or corrected normal vision and self-reported
not having any prior neurological problems.
4.3.2 Stimuli and Experimental design
We used stimuli consisting of tools and objects identical to Aim 1 and the prior behavioral
data (Borghi et al., 2012, Natraj et al., 2013). While we included all 12 conditions in
the experimental design for consistency with our prior neurobehavioral work, we did not
include the static hand conditions in our hypotheses and analyses as they had evoked largely
similar neurobehavioral responses as the no hand conditions in our prior data (Borghi et
al., 2012, Natraj et al., 2013). In addition, this allowed us to contrast the main effect of
an actual grasp-posture (either manipulative or functional) directly with the control no
hand condition across tool-object contexts, similar to our prior work with the same stimuli
(Natraj et al., 2013). This reduced the number of experimental conditions in this study
down to 9. Figure 19 details the matrix of the 9 conditions for a single representative
tool. Each of the 8 subjects viewed a total of 144 unique stimuli across the 12 conditions
(including the 3 static hand conditions). To avoid the effect of repetition and familiarity on
eye movements, subjects viewed each stimulus only once. In total, the dataset consisted of
864 experimental trials across all subjects and the 9 experimental conditions. The sequence
of images was randomized and each stimulus had an on-screen duration of 3500ms. Stimuli
were separated from each other by a fixation circle presented at the center of the screen
that had a random duration of 2500-3500ms. The randomized stimuli were presented across
4 blocks to provide adequate rest intervals for the subject. Participants were instructed to
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fixate at the fixation circle and not move their eyes prior to image presentation. The task
required participants to passively evaluate (without any behavioral response (Mizelle et al.,
2013, Natraj et al., 2013)) the appropriateness of tool-use, i.e., if the relationship between
the tool and object was correct or incorrect.
Figure 19: The stimuli were similar to Aim 1 and the prior behavioral data with the
exception that the static hand conditions were not included in our hypotheses
4.3.3 Data collection
Subjects were fitted with an iViewX (SensoMotoric Instruments, Boston, MA, USA) head
mounted eye tracker hat from the Center for Human Movement studies, Georgia Tech. It
consisted of an infrared pupil detector and a scene camera both fixed on the lid of the hat.
The scene camera captured a 2D representation of the environment with a resolution of
752X480 pixels. The system recorded gaze data at 50Hz, with an overlay of gaze position
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on the scene at a rate of 40 frames per second (Figure 20A), had a tracking resolution ¡0.01
degrees, had a gaze position accuracy between 0.5 - 1 degree and generated an ascii file of
the time course of gaze position mapped onto the video captured by the 752X480 resolution
scene camera. The eye tracker was connected to an iViewX laptop via USB, allowing for
real time visualization and data acquisition using iViewX software. Stimuli were presented
from a separate laptop that was custom programmed in MATLAB (The MathWorks Inc.,
Natick, MA, USA) to pass digital pulses to the iViewX laptop via the serial port. This
allowed identifying temporal events in recorded gaze data, such as the appearance of the
fixation circle and subsequent start and end times of stimulus presentation. A comfortable
chin rest was used to adjust head position and minimize head movements during data
acquisition. All the stimuli in the study were presented on a 106.7cm (42”) LCD screen
that was approximately at the center of a participant’s field of view with a resolution
of 1080X1920 pixels. To enable gaze tracking, the eye tracker was calibrated by having
participants foveate at the edges and center of the 42” LCD TV screen and the coordinates
of these spots were passed to calibration software on the iViewX laptop. Subjects’ gaze
perspective at the chin rest was approximately 170cm away the LCD screen. The total
viewing angle was 30.6 degrees in the horizontal direction (left-right) and 17.5 degrees in
the vertical direction (up-down). The average horizontal separation between the centers
of the tool-object pair was 18.9 degrees (1.3 degrees S.D) and therefore either the tool or
object was on average 9.45 degrees from the screen center.
4.3.4 Preprocessing
Each condition had 3 areas of interest (AOI). These were the object and the two ends
of the tool that were defined based on the type of grasp-posture associated with it. The
two ends were either the functional tool-end (spoon-handle) or the manipulative tool-end
(spoon-bowl). While the manipulative and functional grasp conditions also included the
portion of the arm below the wrist that was not interacting with the tool, in ¿95% of trials,
the arm was not attended to (a similar result was observed in (Land et al., 1999)). The
boundaries of the AOI were extracted by applying Sobel’s edge detection algorithm to the
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Figure 20: A) A frame from the video of scene-gaze overlay generated by the eye tracker.
B) Example of foveal gaze scanpath in a trial.
scene video-gaze overlay (Gonzalez et al., 2009) and by fitting a rectangle to the detected
boundary. The average width of tools and objects was 4.5 degrees (2.04 degrees S.D) and
the average height of tools and objects was 5.6 degrees (2.3 degrees S.D). With respect
to the demarcation of the functional and manipulative tool-end, on average 34.2% (6.1%
S.D) of the length of the tool from the top constituted the length of the manipulative tool-
end and the bottom 65.8% (6.1% S.D) of the tool constituted the length of the functional
tool-end. The width of the functional tool-end or manipulative tool-end increased in the
presence of a functional or manipulative grasp-posture to accommodate the fingers and
upper-wrist that were positioned next to the tool. It should be noted that the exact position
of the grasp-posture was not controlled for across images and conformed more to the tool
shape and size. Slack was given to the AOI to account for jitter in gaze position over the
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AOI and noise in the eye tracking system in estimating gaze position (Ambrosini et al.,
2011). The distances between tool-object centers in terms of viewing angle (average of
19deg) was large enough to warrant saccades in every trial given that visual acuity at the
fovea drops exponentially (Kandel et al., 2000) and that eye movements in this experiment
were free-viewing in nature. The time to initiate a saccade after image presentation was
determined using a rolling window method i.e., whenever gaze position exceeded the mean
of the previous 100ms of data by 2 S.D. A saccade was then identified if subsequent eye
movement resulted in gaze position transitioning to an AOI with a single peak in gaze
velocity profile (Haith et al., 2012). Saccade initiation times were additionally confirmed by
analyzing the gaze data video overlay on a frame by frame basis (Ambrosini et al., 2011).
The time course of eye movement data was set relative to the time point when a saccade was
first initiated and entered an AOI post image presentation. Eye movement data were then
smoothed using a second order Savitzky-Golay filter (Haith et al., 2012). The time-points
in a trial therefore denoted the position of foveal gaze over the AOI after saccade initiation,
i.e., foveal gaze scanpath (Figure 20B). After obtaining gaze scanpaths, the following trial
exclusions rules were applied: a) time to initiate a saccade after stimulus presentation either
exceeded 500ms or was less than 50ms, b) trials with excessive blinks and c) trials where a
saccade was initiated before stimulus presentation.
4.3.5 Pattern recognition framework
Each of the 9 conditions had 3 AOI and images were on screen for 3500ms. The resultant
eye movement data is inherently multidimensional given gaze position across all subjects,
conditions, time and AOI. Many approaches in the literature exist for analyzing large mul-
tivariate spatiotemporal datasets (Raudenbush and Bryk, 2002, Cressie and Wikle, 2011).
However, for this study, we took a simple pattern recognition based approach to address the
hypothesis on spatiotemporal gaze position distributions and AOI weightings, explained in
the following sections.
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4.3.5.1 Clustering of gaze scanpaths
For every condition at the single subject level, the spatiotemporal probability of foveal gaze
position once a saccade had been initiated was computed by counting the number of trials
when foveal gaze position was within a particular AOI at a given time and then dividing
this number by the total number of trials. Each condition therefore had 8 such sets (one for
each subject) of individual AOI gaze position probabilities through time. The population
level empirical distribution of mean AOI gaze position probabilities was computed using the
bootstrap at each individual time point (using the bootstrp() function with 250 samples).
Each of the 9 condition’s gaze scanpath statistics were therefore represented by the time
course of mean AOI gaze position probability with the bootstrap distribution around the
mean at each time point. Subsequently, the statistical similarity between any two conditions
a and b was computed by a version of the Mahalanobis distance metric (Bishop, 2006) given














In Equation (1), µtka and σ
t
ka
are the mean and standard deviation respectively of the
population level distribution denoting probable gaze position at AOI k, at time t and in
condition a. The distances between conditions therefore depended on both spatial and
temporal similarities in mean gaze position weighted by the precision of the mean position.
The above computation resulted in the formation of a symmetric distance matrix with 9
rows and 9 columns. An entry in any row i and column j corresponded to the similarity
between spatiotemporal gaze position distributions of conditions i and j. Distributions
that were more spatiotemporally similar to each other had a smaller Mahalanobis distance
between them. The diagonal entries of the distance matrix were all zero as each condition
was perfectly similar to itself. Hierarchical clustering on the distance matrix was performed
using the complete link algorithm (Theodoridis et al., 2010) that agglomerated conditions
with similar gaze scanpath statistics (using the linkage() function). A dendrogram was
utilized to visualize the clustering outcome (using the dendrogram() function). The y-axis
of the obtained dendrogram was scaled to the largest global numerical value of Mahalanobis
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distance, thereby changing the limits on the y-axis to 0 and 1. Distinct between-cluster
separability in the dendrogram was evaluated by inspecting the tri-cluster link cut level in
the dendrogram; lower levels indicated better between-cluster separability and by extension,
better within-cluster condition similarity.
Figure 21: A) Example of temporal shuffling wherein gaze position individual time-points
are randomly swapped across trials. B) Example of space-time shuffling wherein gaze posi-
tions at any instant within any trial are randomly swapped.
Any clustering algorithm is guaranteed to identify a set of clusters in a dataset. There-
fore to assess the cluster significance, random data permutations or data shuffling was
performed. Permutation tests are well established non-parametric tests (Maris, 2004, Maris
and Oostenveld, 2007) that have been previously used in neuroscience research (e.g. (Rol-
ston et al., 2007, Chao et al., 2010)). We employed three different type of permutation tests
or shuffling schemes. In the first shuffling scheme, trials were permuted between-subjects but
within-condition (trial shuffling), to identify the dendrogram structure that was an inherent
property of the dataset, resistant to subject-level variability due to gender or cultural influ-
ences on perception (Steffensen et al., 2008, Goh et al., 2009). In essence 8 pseudo-subjects
(Mizelle and Wheaton, 2010a, Natraj et al., 2013) were created within each condition and
a roughly equal number of trials were randomly allocated (without replacement) to each
of the 8 subjects. In the second shuffling scheme, the temporal order of gaze position was
randomly shuffled across all trials within a particular condition (temporal shuffling) and the
temporally shuffled trials were then randomly allocated to the subjects. Temporal shuffling
was used to evaluate the effect of temporal perturbations on clustering gaze scanpaths.
The null permutation scheme involved shuffling foveal gaze positions across any time, trial,
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subject and condition (space-time shuffling) and the space-time shuffled trials were subse-
quently randomly allocated to the subjects. Each permutation scheme was iterated 1000
times and the permuted trials from each iteration were input to the aforementioned cluster-
ing algorithm, generating a dendrogram at each iteration. To obtain confidence intervals for
mean occurrences of a resultant dendrogram, the 1000 permutations were randomly divided
into 20 ’sessions’ of 50 ’experiments’. The statistics primarily used to assess the permu-
tation tests was the number of times a particular dendrogram structure was observed in
the permutations, its associated distribution of tri-cluster link cut levels (Levenstien et al.,
2003) and the distribution of linear correlation coefficients with the distances between con-
ditions in the original dataset (using the cophenet() function in MATLAB). The statistics
from the trial and temporal shuffling schemes were contrasted with those produced by the
space-time (null) permutation scheme. A pictorial representation of the shuffling methods
and clustering algorithm is shown in Figure 21 and Figure 22 respectively.
Figure 22: Framework to cluster conditions based on their similarities in spatiotemporal
gaze position distributions.
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Any repeatedly observed dendrogram produced with either trial or temporal shuffling
was associated with a distribution of link-cut levels at which the number of distinct clusters
were equal to the original dendrogram. It was also associated with a distribution of linear
cophenetic correlations (Theodoridis et al., 2010) with the original dataset. The validity
of the link-cut levels distribution and cophenetic correlations distribution were contrasted
with those produced by space-time shuffling, the null permutation scheme.
4.3.5.2 Clustering of AOI weights
To determine the relative weighting of the AOI or the foveal bias given a gaze scanpath,
the AOI in a stimulus were considered as nodes in a graph and eye movements over the
nodes were modeled as a first order discrete Markov process (Hacisalihzade et al., 1992).
Consecutive gaze position at a node constituted a fixation and transitions between nodes
constituted a saccade. Given the low sampling resolution of the eye tracker (50Hz), the
above method adequately served to differentiate fixations and saccades without the inclusion
of saccade points as fixations. The categorical fixation and saccade probabilities from one
node to any other node were represented by a transition matrix P wherein an entry in
row i and column j corresponded to the probability of gaze transitioning from AOI i to
AOI j in one time-step. A Bayesian approach was taken to estimate P at every instant
of the gaze scanpath with a priori assumption that the observer was unbiased towards
any AOI (flat prior) given that the stimuli order were randomized. Formally, Dirichlet
distributions were used as priors (Minka, 2000, Bishop, 2006, Gupta, 2010) to estimate
the categorical distribution in each row of P. The implementation of this method involved
simple increments to the elements in each row of the transition count matrix A (that
were a priori all set to 1) at each recorded gaze transition and the corresponding row
of P was determined by dividing the row elements of A by its row sum (Minka, 2000,
Bishop, 2006, Gupta, 2010). To account for extrafoveal attention, elements in each row of
A were incremented by 1 approximately every 300ms. The Bayesian method of updating P
implicitly modeled every AOI to be reachable to the observer (irreducible graph) without any
constraints on gaze transitions, allowing for gaze jitter (aperiodic transitions). This allowed
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computing a unique steady state categorical distribution of the Markov chain (DeGroot and
Schervish, 2002) at each update. The steady state distribution v was the left eigenvector of
the transition matrix P that satisfied the equation v>P = v> (Ng et al., 2001), associated
with the eigenvalue of 1 (i.e., the dominant left eigenvector of P) . The entries of v denote
the relative importance or weights of each AOI as all the entries of v sum to 1. The
main advantage of this framework is that one single AOI weight vector, v accounts for both
fixation durations and saccade frequencies across all AOI cumulatively through time, largely
reducing the dimensionality of eye tracking data. A pictorial representation of computing an
AOI weight vector from an individual trial along with the mathematical details are outlined
in the Appendix.
AOI weight vectors were computed for every trial and were subsequently averaged to
obtain 8 subject-specific mean AOI weight vectors for each of the 9 conditions. It should
be noted that though the computed mean AOI weight vectors are 3 dimensional (a weight
for each of the 3 AOI), the degree of freedom is 2 as knowing two of the weights is sufficient
to calculate the third (as all three weights sum to 1). Thus the computed mean AOI
weight vectors were multiplied with a transformation matrix to obtain its 2D representation.
Subsequently, the distance between any two conditions’ transformed mean AOI weight
vector distributions was calculated by the multidimensional Mahalanobis distance metric
(Bishop, 2006, Theodoridis et al., 2010)





[µa − µb]> (2)
In Equation (2), µa and Ca are the population mean vector and population covariance
matrix of the 2D-transformed AOI mean weight vectors for condition a. Equation (2) was
used to construct a distance matrix as explained in the previous section and hierarchical
clustering was performed on the distance matrix using the complete link algorithm. The
clustering algorithm agglomerated conditions’ AOI weight vector distributions that were
more similar in Mahalanobis distance. A dendrogram was utilized to visualize the clustering
outcome and verify that there would be three distinct context-specific clusters. The y-axis of
the obtained dendrogram was scaled to the largest global numerical value of Mahalanobis
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distance, thereby changing the limits on the y-axis to 0 and 1. Distinct between-cluster
separability in the dendrogram was evaluated by inspecting the tri-cluster link cut level in
the dendrogram.
Similar to clustering gaze scanpaths, trial shuffling was carried out to verify if there
was a repeatedly occurring and consistent dendrogram that was an inherent property of
the dataset resistant to subject-level variability. Temporal shuffling (of gaze position across
trials within a condition) was not performed as the AOI weight vector (and the Mahalanobis
distance metric here) takes into account the cumulative effects of fixation counts and saccade
frequencies, without respect to order. Specifically, the AOI weight vector at any given time-
point is independent of the order in which the transition count matrix is populated using
gaze data from previous time-points. Similar to gaze scanpath analyses, space-time shuffling
constituted the null permutation scheme wherein foveal gaze positions were swapped across
conditions, trials, time and subjects. It was hypothesized the tri-cluster link cut levels
produced by trial shuffling would be lower (indicating better between-cluster separability)
that those produced by space-time shuffling, the null permutation scheme.
4.3.6 Statistical comparisons
Wherever appropriate, repeated measures within-subject ANOVAs (α = 0.05) were con-
ducted on participants’ gaze characteristics. Bonferroni corrected two sided paired t-tests
were used as a post-hoc procedure (significance threshold set at α=0.05). The two sided
Kolmogrov-Smirnov (KS) was used to contrast distributions (significance threshold set at
α = 0.05). All statistical tests were performed in MATLAB and SPSS (The IBM Cor-
poration, Armonk, NY, USA). Effect sizes for the ANOVA tests (SSeffect/SStotal) were
computed from the Sum of Squares in the ANOVA tables (Levine and Hullett, 2002) and
an open source tool was used to compute Cohen’s dz, the effect size for the paired t-tests
(Lakens, 2013). The strength of the clustering results was assessed using the probability of
occurrence of a dendrogram across the iterations of a particular permutation test.
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4.4 Results
4.4.1 Saccade initiation times
Across all trials and participants, the average saccade initiation time was 231 ± 55.2ms
and the majority of saccades (¿60%) were initiated within a short time window (180-260ms
after image presentation, Figure 23A-B). The time course of a gaze scanpath within each
trial was then set relative to the time when gaze position first entered within an AOI post
saccade-onset.
4.4.2 Clustering gaze scanpaths
The central hypothesis in this study posited that hierarchical clustering of gaze scanpaths
or spatiotemporal gaze distributions would primarily group conditions into three clusters by
tool-object context, since the task required evaluating tool-object relationships. The mean
probable gaze position over the AOI for each condition at each time point is depicted in
Figure 23C, along with the bootstrap confidence interval. The bootstrap distribution of the
mean was assumed to be normally distributed at each individual time-point, verified using
the Kolmogorov-Smirnov goodness-of-fit test at the 0.01 level at each time-point with FDR
correction for multiple comparisons (False Discovery Rate, (Genovese et al., 2002, Delorme
and Makeig, 2004)). The 95% confidence interval of mean probable gaze position was thus
computed using the 2 S.D metric of the bootstrap distribution. The results of the trial and
temporal shuffling schemes to address the hypothesis are presented in the following sections.
It should be noted that the results in the following sections are relative to gaze data up to
1760ms after first saccade onset, or roughly 2000ms after stimulus onset (similar to stimuli
duration times in (Natraj et al., 2013)) taking into account mean saccade initiation time.
74
Figure 23: (A and B) The Frechet probability density function for saccade initiation times
with a mean of 231±55.2ms (S.D.) C) The time course of mean probable foveal gaze position
over each AOI (with 95% bootstrap C.I shading) for each of the 9 conditions, smoothed
with a 5 sample Savitzky-Golay filter. As reference, the thin black dotted line represents
the uniform or maximally random distribution if the observer were to be unbiased towards
any AOI and is a constant at 13 given the 3 AOI.
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4.4.2.1 Trial shuffling
Results of the trial shuffling scheme are presented in Figure 24A. There were two stable
dendrograms in the dataset, called Cluster 1 and Cluster 2 (Figure 24A) defined by the
conditions that formed three distinct clusters. Cluster 1 was observed in 72.2 ± 4.98%
(S.D.) of the 20 simulated sessions and Cluster 2 was observed in 25.7 ± 4.91% (S.D.) of
the 20 simulated sessions. Cluster 1 was therefore the more dominant feature of the dataset
(t(38) = 29.73, p < 1× 10−5, d = 9.647). 98.89% of Cluster 1’s dendrograms and 98.83% of
Cluster 2’s dendrograms had tri-cluster link cut levels less than 0.5 (50% of maximum Ma-
halanobis separation distance). Thus the between-cluster separability (and within-cluster
condition similarity) within the dendrograms of Cluster 1 and Cluster 2 was significant with
respect to at least 50% of the maximum Mahalanobis distance. On average, both Cluster 1
and Cluster 2 were highly correlated with the distances between conditions in the original
dataset (Cluster 1: 0.897, Cluster 2: 0.899). The distribution of tri-cluster link-cut levels
and linear correlations for Cluster 1 and 2 were then individually assessed against those pro-
duced by space-time shuffling, the null permutation scheme (Figure 24C). Results revealed
that the distribution of tri-cluster link-cut levels and correlation coefficients for both Cluster
1 and Cluster 2 to be significantly different from those produced by space-time shuffling,
the null permutation scheme (p < 1 × 10−5 in all KS tests). From the three clusters in
the dominant dendrogram (Cluster 1), it can be seen that gaze distributions clustered by
the type grasp-posture rather than tool-object context, contrary to the original hypothesis.
Therefore, we rejected the null hypothesis of observing three context-specific clusters (null
dendrogram) in a significant number of iterations. However, clustering results were in line
with our secondary hypotheses as all three manipulative grasp conditions were distinct from
the no hand conditions. The three clusters of Cluster 2 revealed this effect of grasp to be
weakest within the incorrect tool-object context as the incorrect context-no hand condition
was similar to the manipulative grasp conditions in a smaller but significant number of
iterations. The effect of temporal perturbations in gaze scanpaths on Clusters 1 and 2 is
detailed in the next section.
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Figure 24: A) Results from the trial shuffling permutation test. The two dominant den-
drograms (Cluster 1 and 2, defined by the conditions grouping into three distinct clusters)
from trial shuffling are shown in the top row with their mean occurrences (and S.D) from
the 20 sessions of 50 simulated experiments. The distributions of each dendrogram’s tri-
cluster link-cut levels are shown in the second row. B) Results from the temporal shuffling
permutation test. The two dominant dendrograms (defined by the conditions grouping into
three distinct clusters) are shown along with their mean occurrences (and S.D) from the 20
sessions of 50 simulated experiments. C) Results from the space-time (null) shuffling per-
mutation test. There were no significant, repeatedly occurring, three cluster dendrograms
in the dataset. For illustration, an exemplar dendrogram with three clusters is shown. The
null distribution of tri-cluster dendrogram link cut-levels and correlation coefficients is also
depicted. For illustration purposes, a non-parametric curve has been approximately fitted
to each of the distributions.
4.4.2.2 Temporal shuffling
The temporal shuffling scheme involved shuffling the temporal order of gaze position across
all trials within each condition. We temporally shuffled data up to 1760ms after saccade-
onset to associate with results from trial shuffling. Results revealed that together, Clusters
1 and 2 were reasonably robust to temporal perturbations in gaze scanpaths (Figure 24B)
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as together they were observed in aprox. 50% of the 1000 permutations. On average,
both Cluster 1 (0.85) and Cluster 2 (0.86) were well correlated with the distances between
conditions in the original dataset. Comparisons with the tri-cluster link-cut distribution
and correlation distribution of the null permutation scheme in Figure 24C showed them
to be significant features of the dataset (p < 1 × 10−5 in all KS tests). However, Cluster
1 was no longer the dominant dendrogram and in fact, both Clusters 1 and 2 had an
equal likelihood of occurrence across the 20 simulated sessions (likelihood of occurrence in a
session: Cluster 1: 26.3%± 4.95% S.D, Cluster 2: 24%± 6.05%, t(38) = 1.3152, p = 0.196).
Thus with respect to Cluster 1, temporal shuffling caused significant loss in the probability
of occurrence (power). The drop in the number of occurrences for Cluster 1 is suggestive of
its dependence on the temporal pattern of the gaze scanpaths, whereas data suggests that
Cluster 2 may not be as sensitive to the temporal pattern of gaze scanpaths as Cluster 1. In
addition, the loss in the temporal order of gaze scanpaths also resulted in significantly poorer
between-cluster separability (and poorer within-cluster condition similarity). For instance,
the three clusters in both Clusters 1 and 2 formed at significantly higher levels in the
dendrogram when compared to their counterparts that were generated without temporal
shuffling (Cluster 1 KS statistic = 0.993, p < 1 × 10−5, Cluster 2 KS statistic = 0.992,
p < 1× 10−5). In addition, all of Cluster 1’s and Cluster 2’s tri-cluster link-cut levels were
greater than 50% of the max Mahalanobis distance.
4.4.2.3 Summary
While the above permutation tests are specific to gaze scanpaths up till approx. 2000ms post
image-onset it should be noted that similar permutation tests can be theoretically performed
at every time instant. However, to avoid the very large computational burden and statistical
complexity, we did not perform the permutation tests at each time-point. Therefore, we
only qualitatively inspected the temporal evolution of the dendrogram produced by applying
the clustering algorithm on the original dataset. We observed that Cluster 1 was the more
dominant dendrogram from 720ms to 1920ms. From 1940ms onwards, we observed that
Cluster 2 started to emerge as the dominant dendrogram (Video 1). However, the mean
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tri-cluster link-cut level tended to be greater than 0.5 and in addition, this time period
was well beyond the stimulus duration times in our previous studies (Borghi et al., 2012,
Natraj et al., 2013). Summarizing, clustering results revealed that the grasp-specific gaze
scanpaths, with a secondary effect of the incorrect context, was a consistent feature of our
dataset. This result was contrary to our hypotheses as we had hypothesized gaze scanpaths
to cluster by tool-object context.
4.4.3 Clustering of AOI weights
The AOI weighting algorithm generated a time-varying estimate of each subject’s mean
AOI weight vector for every condition. While hierarchical clustering on similarities in con-
ditions’ population level mean AOI weight vector distributions could be performed at any
time instant, we chose 1760ms (Figure 25A) to associate with results from the gaze scanpath
clustering analyses. In particular, based on the results from clustering gaze scanpaths, we
were primarily concerned with Clusters 1 and 2. Results from trial shuffling showed that
Cluster 1 was an inherent property of the dataset, and was observed in 76.2± 4.72% (S.D)
of the experiments across the 20 sessions (Figure 25B). Comparison of the tri-cluster link
cut level distribution showed between-cluster separability of Cluster 1 to be significantly
different from those produced by the null permutation scheme (Figure 25B, KS statistic
= 0.6015, p < 1 × 10−5). Similar to gaze scanpath analyses, we rejected the null hypoth-
esis of observing three context-specific clusters (null dendrogram) in a significant number
of iterations. However, clustering results satisfied our secondary hypothesis as the manip-
ulative grasp conditions were distinct from the other grasp conditions. With respect to
Cluster 2, results showed that it was observed only in 6 of the 1000 permutations. One
possible reason for this low occurrence for Cluster 2 here could be due to manner in which
the 2D Mahalanobis distance equation evaluated the similarity between conditions’ AOI
weight vector distributions. In line with gaze scanpath analyses, clustering results here as
well were contrary to our hypothesis that conditions would cluster by tool-object context.
However, results did confirm our secondary hypothesis as the manipulative grasp conditions
were distinct from the no hand and functional grasp conditions.
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Figure 25: A) AOI weight vectors from 10 permutations of the trial shuffling scheme that
produced the grasp-specific clustering result, Cluster 1 in Figure 24A. It should be noted
that each permutation of the trial shuffling scheme produced 8 mean AOI weight vectors,
one for each subject, across all 9 conditions. The grasp-specific AOI weight vectors are
plotted on the simplex or the probability plane by each tool-object context. The edge or
vertex of each simplex corresponds to the bias towards an AOI. The sum of the coordinates
on any point on the simplex sum to 1. The halo at the center of each simplex corresponds
to the likelihood that the three AOI have been weighted equally by the observer (Dirichlet
distribution around uniform foveal bias (Minka, 2000, Gupta, 2010)). B) Representative
dendrogram depicting Cluster 1, along with its mean and S.D of occurrence across the 20
sessions of 50 experiments from the trial shuffling scheme. Cluster 1’s distribution of the
tri-cluster dendrogram link-cut level is shown along with the distribution produced by the
null permutation scheme. The two distributions were significantly different.
With respect to the visualization of the AOI weight vectors, we plotted data from 10
randomly chosen permutations of the trial shuffling scheme that produced Cluster 1. It
should be noted that each permutation produced 8 mean AOI weight vectors, one for each
pseudo-subject, across all 9 conditions. The AOI weight vectors were plotted on the simplex
or the probability plane, a commonly used method to represent probability vectors (Minka,
2000, Bishop, 2006, Gupta, 2010), shown in Figure 25A. The simplex is well-suited to
represent the AOI weight vector as any point on the simplex sums to 1, similar to the
entries of the AOI weight vector. Given that the clustering results here showed the grasp-
posture to be the principal driver of how the AOI were weighted by the observer, in the
80
following section we detail the differences between the three grasp-postures on the mean bias
towards each AOI derived from the original dataset. Specifically, we collapsed subjects’ data
across Context and evaluated the mean bias towards each AOI separately using a one-way
RM-ANOVA with factor Hand (no hand, functional grasp, manipulative grasp), detailed in
Figure 26.
4.4.3.1 Bias towards the object
Results of the RM-ANOVA showed a main effect of Hand (F(2,46) = 15.656, p = 1.3 ×
10−5, η2 = 0.405). Post-hoc tests showed that the no hand conditions elicited greater bias
towards the object than the functional grasp conditions (by 7.6± 2.11% S.E., t(23) = 3.61,
p = 1.474 × 10−3, dz = 0.737) and manipulative grasp conditions (by 12.67 ± 2.62% S.E.,
t(23) = 4.828, p = 7.15× 10−5, dz = 0.98). The functional grasp conditions tended to have
greater bias towards the object than the manipulative grasp conditions, but the difference
between the two did not reach Bonferroni adjusted significance threshold (5.045 ± 2.06%
S.E., t(23) = 2.449, p = 0.022, dz = 0.5).
4.4.3.2 Bias towards the manipulative tool-end
Results showed a main effect of Hand (F(2,46) = 39.79, p < 1 × 10−5, η2 = 0.634), with
an adjustment of the degrees of freedom using the Greenhouse-Geisser correction. Post-hoc
tests on the main effect of Hand showed that the manipulative grasp conditions had greater
bias towards the manipulative tool-end than the no hand conditions (by 11.64±2.5% (S.E.),
t(23) = 4.66, p = 1.08 × 10−4, dz = 0.95) and functional grasp conditions (by 19.2 ± 2.4%
(S.E.), t(23) = 8.011, p < 1 × 10−5, dz = 1.635). In addition, the no hand conditions had
greater bias towards the manipulative tool-end than the functional grasp conditions (by
7.56± 1.46% S.E. t(23) = 5.19, p = 2.92× 10−5, dz = 1.06).
81
Figure 26: A-C) Mean foveal bias (with S.E bars) towards each AOI across the three Hand
conditions (no hand, functional grasp, manipulative grasp). Data were collapsed across
Context in line with the Clustering results of Figure 25B. Significant differences are marked
with the F sign.
4.4.3.3 Bias towards the functional tool-end
Results showed a main effect of Hand (F(2,46) = 51.89, p < 1 × 10−5, η2 = 0.693), with
an adjustment of the degrees of freedom using the Greenhouse-Geisser correction. Post-hoc
analyses showed that functional grasp conditions elicited higher bias towards the functional
tool-end than the no hand conditions (by 15.18±1.85%(S.E.), t(23) = 8.2, p < 1×10−5, dz =
1.67) and manipulative grasp conditions (by 14.15 ± 2.06% (S.E.), t(23) = 6.86, p < 1 ×
10−5, dz = 1.4). The no hand conditions and the manipulative grasp conditions did not
differ from each other (t(23) = 1.294, p = 0.209). However, as it can be seen in Figure 26,
it is important to note that within the functional grasp conditions, the functional tool-end
was not the dominant AOI. A RM-ANOVA on the mean bias towards the three AOI across
the functional grasp conditions revealed a main effect of AOI (object, functional tool-end,
manipulative tool-end, F(2,46) =20.05, p < 1× 10−5, η2 = 0.466) and post-hoc Bonferroni
corrected paired t-tests revealed that the functional tool-end was weighted significantly
lesser than the object (by 18.14±3.35% S.E, t(23) = 5.412, p = 1.69×10−5, dz = 1.1), while
being weighted statistically similar to the manipulative tool-end (difference of 5.724±2.78%
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S.E, t(23) = 2.063, p = 0.051, dz = 0.42). In fact, on average, across conditions, a RM-
ANOVA on the 8 subjects’ mean bias towards the three AOI revealed a main effect of AOI
(object bias: 44.36 ± 2.04% S.E, functional tool-end bias: 15.6 ± 1.06% S.E, manipulative
tool-end bias: 40.04± 1.46% S.E, F(2,14) = 65.12, p < 1× 10−5, η2 = 0.903) and post-hoc
Bonferroni corrected paired t-tests showed that the functional tool-end was weighted lesser
than the manipulative tool-end (by 24.432%±1.532% S.E, t(7) = 15.951, p < 1×10−5, dz =
5.64) and the object (by 28.76%±2.898% S.E, t(7) = 9.927, p = 2.24×10−5, dz = 3.51) while
the latter two were weighted statistically similar to each other (t(7) = 1.281, p = 0.241).
4.4.3.4 Summary
Broadly, results showed that the AOI weighting patterns were primarily driven by the grasp-
posture as the no hand conditions elicited the greatest bias towards the object, the functional
grasp conditions elicited the greatest bias toward the functional tool-end and the manipu-
lative grasp conditions elicited the greatest bias towards the manipulative tool-end. These
results can be interpreted of the grasp-posture being a gaze attractor. However, across con-
ditions, participants primarily focused on the object and manipulative tool-end and sparsely
attended to the functional tool-end, even within the functional grasp-conditions. It was only
the manipulative grasp-posture that caused the manipulative tool-end to become a gaze at-
tractor. In the absence of any grasp-posture, the object was weighted the most.
4.5 Discussion
The overall goal of Aim 2 was to understand whether gaze data followed the results from
Aim 1 (Natraj et al., 2013) and the prior behavioral result (Borghi et al., 2012) given the
overlap between action understanding and gaze control over parietofrontal networks. We
had hypothesized that hierarchical clustering of spatiotemporal gaze distribution patterns
and AOI weighting patterns would group conditions by tool-object context since the task
involved evaluating tool-object content. However, results showed that both spatiotemporal
gaze distributions and AOI weightings up to 2000ms after image-onset clustered primarily
by the type of grasp with unique effects of tool-object context within each grasp cluster.
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Clustering results in part did validate our secondary hypotheses as the manipulative grasp
conditions were distinct from the no hand and functional grasp conditions in all three
contexts. This result is in line with the EEG results in Aim 1 and our prior behavioral data
wherein the manipulative grasp elicited significantly extended parietofrontal activations
with temporally coinciding response delays when compared to the no hand conditions in all
three contexts. In addition, permutation tests showed that the grasp-specific clusters were
disrupted by the incorrect tool-object context as the incorrect context-no hand condition
elicited similar gaze scanpaths as the manipulative grasp conditions in a small but significant
number of iterations. Thus the statistical difference in spatiotemporal gaze distributions
between the manipulative grasp condition and no hand condition was robust in the correct
and spatial tool-object contexts but weakest within the incorrect tool-object context that
clearly does not afford tool-object action. One potential reason underlying this phenomenon
is that gaze scanpaths could correspond to the observer evaluating the action error in the
scene (Mizelle et al., 2013), given that both the manipulative grasp conditions and the
incorrect context does not afford a functional engagement of the tool on the object. Indeed,
a qualitative inspection of the gaze scanpaths in Figure 23B show that unlike the correct
and spatial context-no hand conditions, gaze tended to oscillate more between the object
and the manipulative tool-end, similar to the manipulative grasp conditions. These grasp
specific gaze scanpath clusters were also reasonably robust to the temporal order of gaze
position, though the strength of gaze scanpath clustering results depended on both the
spatial and temporal similarities in gaze position, derived from the Mahalanobis distance
metric.
It should be noted that it was not the mere presence of a grasp-per se that influenced
gaze patterns as the tool-end associated with the grasp was a gaze attractor only in the
manipulative grasp conditions and not in the functional grasp conditions. In fact, in the
absence of a grasp in the scene, the object was foveally weighted the most. Assuming that
the observer is evaluating the dynamic properties of the static tool-object scene (Kourtzi
and Kanwisher, 2000, Proverbio et al., 2009), the enhanced attention towards the object
may correspond to an object-oriented action priming effect (Thill et al., 2013), wherein the
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observer may ’map’ how the tool could be used on the object via the activation of his/her
own motor knowledge of the tool-object pair (Flanagan and Johansson, 2003, Ambrosini
et al., 2011). Indeed, previous research has shown that when making tea or a sandwich,
people’s saccades tended to gravitate towards objects that were targets of potential tool-use
(Land et al., 1999, Land and Hayhoe, 2001). As a result, the greater bias towards the object
in the no hand conditions (especially within the correct and spatial tool-object contexts,
qualitatively seen in Figure 25A) may facilitate the evaluation of the motoric relationship
between the tool-object pair and could underlie results from our previous behavioral data
wherein the no hand conditions elicited the fastest reaction times compared to the other
grasp-postures when participants evaluated tool-object content (Borghi et al., 2012). Con-
versely, observing an egocentric hand-posture grasping the tool in the right hemifield could
have automatically primed or engaged grasp-specific neurons in the action encoding system
to encode grasp-intent via motor resonance (Iacoboni et al., 2005), thereby drawing gaze
to the grasp-posture and lessening the bias towards the object. However, the disruptive ef-
fect of the grasp-posture on the object-oriented priming effect was most pronounced within
the manipulative grasp conditions. Unlike the functional grasp-posture, the manipulative
grasp-posture caused to tool-end associated with it to become a gaze attractor and the dom-
inant AOI. There are two synergistic reasons that could underlie this attractor effect of the
manipulative grasp-posture. First, the manipulative grasp-posture may have perturbed an
ongoing motor simulation to evaluate the tool-object content (Borghi et al., 2012, Natraj et
al., 2013) as this grasp-posture does not afford tool-object action. Indeed, in our prior data,
the manipulative grasp-posture elicited the most delayed behavioral response times (Borghi
et al., 2012) and elicited greater neural activity along action-encoding regions (Natraj et
al., 2013). Second, the effect of the manipulative grasp-posture may also be driven by its
non-functional interaction with the manipulative tool-end, an aspect we had not previously
considered. Specifically, across conditions, eye tracking data revealed that participants pri-
marily focused on the object and the manipulative tool-end and sparsely attended to the
functional tool-end, even within the functional grasp conditions. A potential reason for
participants to focus more on the manipulative tool-end than the functional tool-end could
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be due the former’s affordances with respect to the object. While we had classified the
manipulative tool-end with respect to the grasp-posture associated with it, it is in fact the
operant tool-end that interacts with the object. Thus for example, the bowl of the spoon
may be more relevant than the stem in evaluating the spoon’s relationship with a cup of
yogurt, as it is the bowl that actually affords the act of scooping. Given the importance of
the manipulative or operant tool-end in evaluating the relationship between the tool-object
pair, a manipulative or a non-functional grasp maybe be a gaze attractor as it interferes
with that part of the tool that ostensibly has higher affordances with respect to the object.
Therefore, the gaze attractor effect of the manipulative grasp-posture could synergistically
be due to its non-functional interaction with the operant tool-end that actually engages
with the object (e.g. hammer-head to nail), thereby requiring more attention from the
observer to process its affordances with respect to the tool-object pair.
The question then remains, why focus foveal attention at the functional tool-end at all
in the functional grasp conditions when this tool-end seems to be less important to the task?
As outlined earlier, it is likely that the presence of functional grasp-posture could automat-
ically prime or engage grasp-specific neurons in the action encoding system via motor reso-
nance (Iacoboni et al., 2005), thereby drawing a proportion of gaze towards the functional
tool-end ostensibly to encode the functional grasp (Iacoboni and Dapretto, 2006). However,
the amount of bias or attention drawn to the functional tool-end was never dominant when
compared to the object and the manipulative tool-end, highlighting the importance of the
latter two AOI in evaluating tool-object action relationships. The fact that the functional
grasp-posture (and the portion of the arm below the wrist) was sparsely attended to follows
the results reported in (Land et al., 1999), wherein the authors found that when perform-
ing day-to-day functional tasks such as making tea, people rarely fixated on their hands
and predominantly directed gaze towards the object that was the target of upcoming action.
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4.6 Conclusions
Results here broadly support our prior interpretations from Aim 1 and the behavioral exper-
iment that the observer may automatically try to encode the affordances of the manipulative
grasp though it is not essential to evaluating tool-object content. As a consequence, this
interference effect of the manipulative grasp-posture may result in delayed decision times
(Borghi et al., 2012), extended parietofrontal activity (Natraj et al., 2013) and differential
gaze patterns (Natraj et al., 2015) when compared to the no hand control condition. Aim
2 also provide an attentional mechanism underlying results in Aim 1 and the prior data
(Borghi et al., 2012, Natraj et al., 2013). Given that parietofrontal circuits also underlie
the control of saccades and visuospatial attention (Anderson et al., 1994, Mort et al., 2003),
it is unclear as to how much of previously observed parietofrontal activity in Aim 1 may cor-
respond to action encoding alone. Specifically, an unknown proportion of the parietofrontal
differences between the manipulative grasp and no hand conditions may in fact correspond
to the planning of differential eye movements between the two conditions. The fact that
we did find differential gaze patterns between the two grasp conditions therefore gives us
an empirical justification to probe the coupling of action encoding and eye movements over





Results from both Aims 1 and 2 showed that the manipulative grasp-posture automatically
elicited differential parietofrontal and gaze patterns when compared to the no hand con-
trol condition as participants passively evaluated tool-object content (Natraj et al., 2013,
Natraj et al., 2015). It should be noted that the grasp per se was irrelevant to the task
of evaluating the relationship between the tool-object pair and a similar neurovisual effect
was not observed for the functional grasp-posture. Together, these results provide a neu-
ral and attentional mechanism underlying our prior behavioral data wherein manipulative
grasp-postures exclusively interfered and delayed decisions on tool-object content. The goal
of Aim 3 was to further probe the neural and attentional mechanisms underlying this in-
terference effect of the manipulative grasp-posture. Specifically, in both Aims 1 and 2, the
observer had sufficient time to parse the features of the scene as the stimuli durations were
on the order of 2000ms. Given that parietofrontal networks are involved in both evaluat-
ing tool-object images (Mizelle and Wheaton, 2010b, Natraj et al., 2013) and attentional
mechanisms (Nobre et al., 1997, Corbetta et al., 1998), it is possible that a relationship
might exist between attention and affordance understanding over parietofrontal networks.
Such a relationship might create ambiguity in the interpretations of neural activations. For
instance, it is likely that an unknown proportion of the parietofrontal difference between
the manipulative grasp condition and no hand condition might actually be due differential
visuospatial attention. More specifically, it is possible that the greater right parietofrontal
involvement to process the manipulative grasp-posture could be driven by the observer al-
locating greater foveal attention towards the manipulative tool-end. The right hemispheric
parietofrontal encoding of the manipulative grasp-posture might be differentially attenu-
ated or modulated by restricting an observer’s ability to direct foveal attention over scene
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features. Therefore, the purpose of Aim 3 was to understand the influence of eye move-
ments on parietofrontal differences between the manipulative grasp-posture and the no hand
condition when encoding the same stimuli as Aims 1 and 2 and the prior behavioral data
(Borghi et al., 2012, Natraj et al., 2013, Natraj et al., 2015).
To isolate the role of foveal attention and eye movements on parietofrontal activations,
it was necessary to design an experiment wherein participants processed the images extra-
foveally or using peripheral vision, without any saccades. It is well known that instruct-
ing participants to restrict saccades would engage inhibition related frontal activity when
viewing wide field complex visual stimuli (Chikazoe et al., 2007). To avoid this potential
confound in the data, two experiments were designed. In the first experiment, stimuli du-
rations were shortened to 100ms. No instructions were given to participants related to eye
movement but data revealed that such rapidly presented stimuli naturally dropped saccade
probabilities to less than 10% without affecting accuracies in evaluating tool-object content.
In a second experiment with the same participants, the stimuli durations were increased to
500ms, thereby allowing for the reemergence of saccades and fixations. This experimental
design allowed contrasting the presence and absence of eye movements on the parietofrontal
encoding of the interference effect of the manipulative grasp-posture in manner similar to
the EEG study of Aim 1 (Natraj et al., 2013). The statistical analyses in Aim 1 was re-
stricted to evaluating ERP voltage means via an ANOVA test within 200ms time-windows
and over broad regions of interest (ROI) encompassing primarily bilateral parietofrontal
and left motor electrodes. However, the experimental design here involved rapid stimuli
that might elicit very fine spatiotemporal neural differences. Therefore, we considered a
whole brain analysis to precisely capture the spatiotemporal dynamics of parietofrontal
activations. To this end, data were analyzed in a mass-univariate fashion at each electrode-
time pair using the framework of the General Linear Model (GLM). In essence, rather
than perform just one ANOVA test, we carried out many tens of thousands of ANOVA
tests at each and every electrode and time-point, with the appropriate corrections for mul-
tiple comparisons (Pernet et al., 2011). In principle, we used statistical methods similar
to the analyses of large scale fMRI data (Smith, 2014). To ensure that participants were
89
accurate in the task given that the stimuli were rapidly presented, behavioral responses
were collected. To ensure that participants were accurate in the task given that the stim-
uli were rapidly presented, behavioral responses were collected. The response hand used to
record correct/incorrect tool-object relationships was counterbalanced in both experiments.
5.2 Hypotheses
We hypothesized that even with the rapid image presentations, participants would be able
to perform the task and have accuracies significantly greater than chance. Similar to our
prior behavioral data, we hypothesized that the manipulative grasp-posture and the spatial
tool-object context would delay decisions on tool-object content (Borghi et al., 2012). With
respect to eye movement, we hypothesized that the rapid stimuli within the 100ms experi-
ment would negate participants from directing foveal attention towards scene features. Our
major hypotheses concerned the spatiotemporal patterns of parietofrontal activity underly-
ing the interference effect of the manipulative grasp-posture. In Aim 1, we had proposed the
existence of a late appearing (400-600ms after image onset) right parietofrontal network to
specifically encode the intent of the manipulative grasp-posture, along with a continual left
parietofrontal network to encode the tool-object content itself. However, the results of Aim
2 had suggested that this right parietofrontal activity could be driven by enhanced attention
over the manipulative tool-end. Given the inability of participants to direct foveal atten-
tion in the 100ms experiment within Aim 3, we hypothesized that the right parietofrontal
activity (400-600ms post image onset) would be inhibited and instead, a dominant left pari-
etofrontal network would underlie the interference effect of the manipulative grasp-posture.
In the 500ms experiment, we hypothesized that the right parietofrontal activity (400-600ms





A total of 33 subjects between the ages of 20-30 years (average age: 23.7, S.D 1.8) were
recruited for this study, who participated in both experiments (100ms and 500ms exper-
iments). All subjects were right-handed based on the Edinburgh Handedness inventory
(Oldfield, 1971). The experimental protocol was approved by the Institutional Review
Board at Georgia Institute of Technology and each subject provided their written informed
consent before the start of the experimental session. Subjects were healthy based on self-
report, and had no history of neurological illness or injury. 5 subjects were excluded from
the 100ms experiment either due to poor task performance (accuracy not above chance)
or due to too much noise in the EEG data. 7 subjects were excluded from the 500ms
experiment either due to poor task performance (accuracy not above chance), due to too
much noise in the EEG data or as some could not complete the experiment due to prior
commitments and time constraints.
5.3.2 Stimuli
Participants viewed the same static gray-scale stimuli as the prior studies. However, we
dropped the static hand conditions from the experimental design similar to Aim 2, as this
condition elicited largely similar neural and behavioral responses to the control no hand
condition in our prior behavioral data and Aim 1 respectively (Borghi et al., 2012, Natraj
et al., 2013). As with the previous Aims, a tool was placed across three contexts: correct
(hammer-nail), incorrect (hammer-paper) and spatial (hammer-wood). These three tool-
object contexts were orthogonally placed across three grasp-postures: no hand, functional
tool-grasp (grasp hammer-handle) and a manipulative tool-grasp (grasp hammer-head).
Figure 27 depicts a 3 × 3 matrix for a representative tool. There were similar 3 × 3
matrices for 20 other tools for a total of 180 unique stimuli across all conditions.
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Figure 27: The stimuli were similar to Aim 1, Aim 2 and the prior behavioral data with
the exception that the static hand conditions were not included in our hypotheses. Each
column represents a particular grasp-posture and each row represents a particular tool-
object context.
5.3.3 Experimental design
Each subject participated in two experiments within this study based on the latency of the
stimuli. In the first experiment, the durations of the stimuli on screen were 100ms and in
the second experiment, the durations were 500ms (Figure 28). Each stimulus was preceded
first by a 2000ms fixation circle, followed by a 500ms warning cue (fixation cross) that the
stimulus is upcoming. After image presentation, the fixation circle reappeared, continuing
the cycle. Within each experiment, each subject viewed all the 180 images across all 9
conditions (20 tools placed across 9 contexts and grasps). To counter potential confounds
of image familiarity, each stimulus was presented only once. Therefore, each subject viewed
92
20 stimuli per condition within each experiment. Within each experiment, the 180 images
were randomized and presented across 3 blocks to provide adequate rest intervals for the
subject. At the end of the first experiment, participants were given a longer break if needed.
Participants were explicitly told to maintain fixation at the circle and cross whenever they
appeared. Participants were told that they would see images of tool-object pairs with a tool
defined as an entity in the right hemifield that could be used on the object in the left hemi-
field. Participants were instructed to evaluate whether tool-object pairs were functionally
related or not and record their decision as accurately and quickly as possible by pressing
a button on a response pad. To avoid the influence of the button press on parietofrontal
and motor activity, the response hand was counterbalanced. Of the 28 subjects in experi-
ment 1, 15 subjects used their right/left thumb to record an incorrect/correct tool-object
relationship and the remaining 13 used their right/left thumb to record a correct/incorrect
tool-object relationship. Of the 26 subjects in experiment 2, 13 subjects used their right/left
thumb to record an incorrect/correct tool-object relationship and the other 13 used their
right/left thumb to record a correct/incorrect tool-object relationship. Unlike Aim 1 and
Aim 2 and similar to the prior behavioral work, this was an active experiment to ensure
task compliance, especially given the rapid stimuli presentations. Prior to data acquisition,
the images of tool-object pairs (without the grasp) were shown in a loop to the subjects to
ensure that they were familiar with the tools and objects themselves. Any questions they
might have had on the identity of a particular tool or object were addressed without giving
away the relationship between the tool-object pair. The vast majority of the stimuli were
familiar to the participants and the most common object that participants had difficulty
recognizing was a tea strainer. However, once the identity of the tea strainer was revealed,
participants were immediately able to recognize it. We followed this procedure to ensure
that participants performed the task of evaluating tool-object content especially given that
the stimuli durations were very short. A trial block of the 100ms experiment was also con-
ducted to acclimatize the subjects with the speed of the stimuli to avoid any startle effect
in the EEG data.
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5.3.4 Data acquisition
To record neural activity, a 58 channel tin electrode EEG cap (Electrocap, Eaton, OH)
in accordance with the international 10-20 system was used. The leads from each of the
electrode on the EEG cap were connected to a data acquisition computer via Synamps 2
amplifiers (Neuroscan, Charlotte, NC). As well, two electrodes were placed above and below
the left eye to record electrooculographic activity (EOG). Data acquisition was performed
using a right ear reference at a sampling rate of 1000 Hz. The left ear was also recorded
and was used offline in creating a linked ears reference. Participants behavioral responses
were collected using a button box that was interfaced with the EEG data acquisition system
using Stim 2 (Neuroscan, Charlotte, NC). The visual stimuli were presented on a 22” LCD
screen at a distance of 3 feet from the participants center of field of view using custom
scripts in Stim 2 (Neuroscan, Charlotte, NC). Given the geometry of the configuration, the
viewing angles were therefore very similar to the experimental setup in Aim 2. The viewing
angles were 29.5 degrees in the horizontal direction (left-right) 18.7 degrees in the vertical
direction (up-down). The average horizontal separation between the tool-object centers were
18.6 degrees (1.3 degrees S.D). An infrared eye tracker (Gazepoint GP3, British Columbia,
Canada) was used to measure eye movements across the 22” monitor at a sampling rate
of 60Hz and was controlled using an additional laptop. The eye tracker had a tracking
resolution ¡0.01 degrees, had a gaze position accuracy between 0.5 - 1 degree and generated
an ascii file of the time course of gaze position over the 22” monitor. Unlike Aim 2, this
was not a head mounted eye tracker and the infrared detectors was placed right below
the monitor and was positioned to track the eyes. Using Gazepoint software, calibration
was done by having the participants foveate at 9 predetermined locations corresponding to
the center of the screen and the edges and midpoints of the sides of a rectangle along the
boundary of the screen. Each experimental block started with the appearance of a blue box
at the left edge of the screen that the participant was instructed to fixate on. The saccade
to the box was recorded in both the EOG waveform trace and in the eye tracking data from
the GP3 eye tracker and this was used to synchronize the data streams (EEG+behavior
data and eye movement data) offline.
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Figure 28: The experimental design and the timing of events in a trial
5.3.5 Data analyses
5.3.5.1 Behavioral response analyses
A response indicating that the correct tool-object context was functionally related was
considered accurate. A response indicating that the incorrect and spatial tool-object con-
texts were not functionally related was considered accurate. Though the spatial context
is ambiguous by design, the tool-object pairs are technically not functionally related. The
accuracy for each condition within each subject was computed by diving the number of
accurate responses to the total number of trials. To compute mean behavioral response
times for each subject, trials with an inaccurate response within the correct and incorrect
contexts were discarded. Given the ambiguous nature of the spatial context, no trials were
discarded based on accuracy as this would cause a large loss in data. Within each condition,
response latencies greater than 2 S.D from the mean were discarded as outliers. The mean
response latency was computed from the remaining trials. Each subject therefore had 9
mean response latencies corresponding to each of the 9 conditions.
5.3.5.2 EEG data preprocessing
The raw EEG data was first low pass filtered from DC-30Hz. An epoch was then constructed
by extracting data from 1000ms before to 1500ms after tool-object image onset. Each epoch
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was therefore 2500 ms long (-1000 1500ms), with 0 corresponding to appearance of the tool-
object image on screen and -500 corresponding to presentation of the cross indicating that
an image was pending. Within the correct and incorrect contexts, trials that had inaccurate
responses or response times greater than 2 S.D from the mean response time were discarded.
Within the spatial context, trials were not discarded based on accuracy as this would cause
a large loss in data given the ambiguous nature of the spatial context; however trials that
had response times greater than 2 S.D from the mean response time were discarded. Using
custom scripts in MATLAB (Mathworks, MA), the extracted and pruned epochs were
then linear detrended and baseline corrected to the first 500ms (-1000 to -500ms), until
onset of the warning cue. EEG epochs were then artifact corrected for eye movement and
eye blink using the Recursive Least Squares algorithm (He et al., 2004, Gmez-Herrero,
2007, Natraj et al., 2013). Given the nature of the rapid stimuli, it is possible that the
musculature around subjects’ head might be tensed in anticipation (though subjects were
instructed to be relaxed) as they focused on performing the task. Therefore, additional
artifact correction was carried using the Independent Component Analysis (ICA) algorithm
to remove residual noise and muscle-related artifacts (Delorme and Makeig, 2004, Hyvrinen
et al., 2004). Typically noise factors out very well as it is independent of task related
activity. For each subject, noise components were manually identified and removed (Figure
29).
Figure 29: Correction of a muscle artifact component that is spatially located at the muscle
around the left ear as shown in the head plot (left). It can be seen in the figure on the right
that the activity of this component across trials was in general very noisy and consistent
through time i.e. not dependent on the stimuli.
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5.3.5.3 Eye movement data preprocessing
Fixation and saccades were determined using a twofold approach. First, given the require-
ment to precisely identify saccades, time-points immediately preceding deflections greater
than 30uV in the EOG signal magnitude after image-onset were used to record saccade ini-
tiation (Kirchner and Thorpe, 2006). Next, these computed saccade initiation time-points
were verified using the output of the GP3 eye tracker that generated ascii files of gaze posi-
tion and automatically identified fixations. The sampling resolution of the GP3 eye tracker
(60Hz) was much lower than that of the EOG signal (1Khz), so to overcome this difference,
fixation onset as detected by the eye tracker were overlaid on the horizontal EOG waveform
trace and saccade-onset as detected by the 30uV deflection was manually verified for each
epoch. This approach is similar to the manual marking of movement onset in electromyog-
raphy (EMG) signals (Mizelle et al., 2011). The corrected time-course of the eye tracking
data was used to determine foveal gaze position by constructing Areas of Interest (AOI) in
the stimuli by fitting a rectangle to the boundaries of the discrete scene features similar to
Aim 2 (Natraj et al., 2015). The AOI were the object in the left hemifield, the manipulative
tool-end and the functional tool-end. As we used the same stimuli as Aim 2 with roughly
the same viewing angle, the AOI dimensions were roughly identical in both experiments.
The average width of tools and objects was 4.5 degrees (2.04 degrees S.D) and the average
height of tools and objects was 5.6 degrees (2.3 degrees S.D). With respect to the demar-
cation of the functional and manipulative tool-end, on average 34.2% (6.1% S.D) of the
length of the tool from the top constituted the length of the manipulative tool-end and
the bottom 65.8% (6.1% S.D) of the tool constituted the length of the functional tool-end.
The width of the functional tool-end or manipulative tool-end increased in the presence
of a functional or manipulative grasp-posture to accommodate the fingers and upper-wrist
that were positioned next to the tool. It should be noted that the exact position of the
grasp-posture was not controlled for across images and conformed more to the tool shape
and size. Slack was given to the AOI to account for jitter in gaze position over the AOI,
noise in the eye tracking system (Ambrosini et al., 2011) and to account for the fact that
the observer may not fully enter an AOI given the rapid stimulus duration times.
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5.3.5.4 Statistical analyses
Given the rapid stimuli presentations, we aimed to evaluate precise spatiotemporal patterns
of neural activity in response to the images. Similar to Aim 1, we performed a within-
subject parametric statistical test (repeated measures ANOVA) on the mean ERP signals.
However, in Aim 1, we had averaged data across time-windows of interest which spanned
100-200ms and a priori only chose a subset of the 58 recording channels corresponding to
bilateral fronto-parietal and left motor electrodes. While this approach was well suited to
Aim 1 wherein the image was on screen for 2000ms, it is not designed to capture statistical
differences with much finer spatial and/or temporal resolution. To this end, we employed
a mass-univariate approach and performed the RM-ANOVA test (with post-hoc paired t-
tests) at each and every electrode and time-point (channel-time pair (Pernet et al., 2011))
using the framework of the General Linear Model (GLM), in a manner similar to the analyses
of large-scale functional neuroimaging data (Smith, 2014) using statistical functions in the
LIMO and Fieldtrip toolboxes (Oostenveld et al., 2010, Pernet et al., 2011). Thus while
we had performed only 3 ANOVA tests on mean ERP in Aim 1 (within three global time-
windows and across 5 gross regions of interest), 136,358 ANOVA tests were performed here
for every channel-time pair (58 channels, 2351 time points, -900ms to 1450ms with respect
to image onset). Thus unlike Aim 1, we did not predetermine regions or time-points of
interest and evaluated whole brain differences at each and every time-point. At the single
subject level, the evoked responses for each condition were estimated as follows. First, trials
that elicited an inaccurate response (within the correct and incorrect tool-object contexts)
and trials wherein behavioral response latencies were greater than 2 S.D from the mean
response were discarded. The evoked response at the remaining trails were then modeled
using the following equation
Y = XB + E (3)
In the above equation Y represented the matrix of all the trials at an electrode. There
were as many rows in Y as there were trials and the number of columns corresponded to the
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Figure 30: The design matrix X used in the GLM at a particular electrode. White signifies
ones and black signifies zeros. There are as many rows in X as there are trials. The first
9 columns correspond to the condition-sorted trials of Y in Eq(3). The last column is all
ones and is used to code the average activation across trials of all conditions.
time points in each trial. The rows of Y were sorted such that the first n1 rows corresponded
to the trials of condition 1, the next n2 rows corresponded to the trials of condition 2 and
so on. X was the design matrix and had as many rows as the number of trials. In the
experimental design here, X has 10 columns, one for each condition and the last column to
model the average activation across all 9 conditions. The first n1 rows of column 1 were all
1 and represented the parametrized coding of the evoked response of condition 1 whereas
the first n1 rows of columns 2 through 9 were 0. Similarly, the next n2 rows of column 2
were all 1 and represented the parametrized coding of the evoked response of condition 2
and so on. The last column of X was all 1 to represent the parameterized coding of the
average effect across all trials of all conditions. B is the matrix of parameters (beta matrix
in the fMRI literature) with as many rows as the number of parameters (10 in this study)
99
Figure 31: A plot comparing the parameter estimate (betas) with the trial average (mean
ERP). -500ms corresponds to presentation of the fixation cross and 0 corresponds to the
presentation of the stimulus. The parameter estimates aims to isolate activity that is con-
dition specific whereas the mean ERP contains the common activation across all conditions
in addition to the condition specific activation.
and with as many columns as the number of time points. The matrix E is of the same size
as Y and denotes the error in the GLM. Each row of B therefore gives a parametric model
of the evoked response unique to a specific condition and is obtained by the least squares
solution given in the following equation.
B = (X>X)−1X>Y (4)
The advantage of estimating the parametric evoked response matrix B (the betas) over
computing the trial averages is that the estimated parameters capture the within-subject
variability from the individual trials and isolate the response unique to the particular con-
dition. An example of the design matrix and parametric response are shown in Figures 30
and 31.
Each subject therefore had a parametric estimate of the evoked response for each of the
9 conditions at each of the 58 electrodes. Between-subject statistics were then performed
at the group level at every electrode-time pair. A 2-way repeated measures within-subject
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Figure 32: Matrix identifying electrode neighbors when performing multiple comparison
corrections for the mass-univariate RM-ANOVA tests, using spatiotemporal cluster statis-
tics. A black square at any row and column denotes that the electrode in that particular
row/column is a neighbor of the electrode along the corresponding column/row. To reiter-
ate, there are 58 recording channels and the correspondence between the channel number,
name and position is also shown.
ANOVA was performed on the parameter estimates at each electrode and each time-point
with factors Context (correct, incorrect, spatial) and Hand (no hand, functional, manipula-
tive). Given the extremely large number of ANOVA tests, multiple comparisons is necessary
to mitigate the probability of Type I errors. To this end, non-parametric spatiotemporal
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cluster corrections were carried out (Maris and Oostenveld, 2007, Oostenveld et al., 2010,
Pernet et al., 2011) which tend to be less conservative than the Bonferroni. Briefly, after
computing an F- value at every channel-time pair, spatiotemporally contiguously signifi-
cant F-values were aggregated and summed together to computer a cluster statistic. The
significance of this cluster statistic was tested against the null distribution of cluster statis-
tic values generated by 1000 random permutations of the dataset. Significance threshold
for the cluster statistic was assessed at the 0.05 level. Electrode neighbors were identified
based on the geometry of the 10-20 system (Homan et al., 1987) following the procedures
recommended in (Pernet et al., 2011) and the matrix denoting neighboring electrodes is de-
picted in Figure 32. Spatiotemporal cluster correction therefore assumed that a significant
statistical effect would be present both across spatially contiguous electrodes and across
temporally contiguous time-points. Wherever there were significant effects of the ANOVA,
post hoc paired t-tests were performed at all channel-time combinations that generated the
significant effect. Similar to Aim 1, the no hand condition served as control for the manip-
ulative grasp and functional grasp conditions individually. With respect to Context, the
correct context served as control for the incorrect and spatial tool-object contexts individ-
ually. Significance for all the paired t-tests when inspecting a particular effect was assessed
at the 0.05 level, with FDR correction for multiple comparison/Type I error (Genovese et
al., 2002). All statistical tests were performed in MATLAB (The Mathworks, Boston, MA)
and in SPSS (The IBM Corp).
5.4 Results
5.4.1 Behavioral response accuracy
With respect to the 100ms experiment, across all participants, the mean accuracy was
82.2 ± 1.69% (S.E), and the mean accuracy within each of the 9 conditions is depicted in
Figure 33. Across conditions and participants, there were no differences in mean accuracy
between the left/right button-press responses (t(250) = 1.0396, p=0.3); the data were thus
sufficiently counterbalanced to the response hand. Data were then subsequently pooled and
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entered into a 2-way repeated measures ANOVA with factors Context (correct, incorrect,
spatial) and Hand (no hand, functional grasp, manipulative grasp). Results revealed a main
effect of Context (F(2,54) = 19.894, p < 1× 10−5) but no main effects of Hand (F(2,54) =
0.521, p=0.597) or any interaction effect (F(4,108) =0.424, p=0.791). Post-hoc Bonferroni
corrected paired t-tests revealed that participants were most accurate within the incorrect
context when compared to the correct context (by 14.393 ± 1.493% (S.E), t(83) = 9.641,
p< 1 × 10−5, dz = 1.05) and spatial context (by 24.25 ± 2.19% (S.E)).t(83) = 11.073,
p< 1× 10−5, dz = 1.208). Of the latter two, participants were more accurate in the correct
context than the spatial context (by 9.86 ± 3.02% (S.E)).t(83) = 3.258, p=0.0016, dz =
0.355).
Figure 33: Mean accuracies and S.E bars for each of the 9 conditions within the
100ms experiment. C/I/SNH: correct/incorrect/spatial context-no hand. C/I/SF: cor-
rect/incorrect/spatial context-functional grasp. C/I/SM: correct/incorrect/spatial context-
manipulative grasp
With respect to the 500ms experiment, across all participants, the mean accuracy was
84.16 ± 1.53% (S.E), and the mean accuracy within each of the 9 conditions is depicted
in Figure 34. Across conditions and participants, there were no differences in mean accu-
racy between the left/right button-press responses (t(232) = 0.2384, p=0.8118); the data
were thus sufficiently counterbalanced to the response hand. There were no differences in
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accuracy between the two experiments, (t(484) = 1.15, p=0.2492). Data were then subse-
quently pooled and entered into a 2-way repeated measures ANOVA with factors Context
(correct, incorrect, spatial) and Hand (no hand, functional grasp, manipulative grasp). Re-
sults revealed a main effect of Context (F(2,50) = 15.445, p< 1× 10−5) and an interaction
effect (F(4,100) =3.507, p=0.0101) but no main effects of Hand (F(2,50) = 0.265, p=0.768).
Post-hoc Bonferroni corrected paired t-tests revealed that participants were most accurate
within the incorrect context when compared to the correct context (by 13.369 ± 1.336%
(S.E), t(77) = 10.009, p< 1 × 10−5, dz = 1.133) and spatial context (by 25.47 ± 2.67%
(S.E)).t(77) = 9.545, p< 1 × 10−5, dz = 1.08). Of the latter two, participants were more
accurate in the correct context than the spatial context (by 12.1 ± 3.6% (S.E)), t(77) =
3.364, p=0.0011, dz = 0.381). With respect to the interaction effect, data revealed that the
accuracy in response to the correct context-no hand condition was higher than the correct
context-functional grasp condition (by 3.82 ± 1.573% (S.E), t(25) = 2.426, p=0.023, dz
= 0.476) and correct context-manipulative grasp condition (3.691 ± 1.54% (S.E), t(25) =
2.396, p=0.024, dz = 0.47).
Figure 34: Mean accuracies and S.E bars for each of the 9 conditions within the
500ms experiment. C/I/SNH: correct/incorrect/spatial context-no hand. C/I/SF: cor-
rect/incorrect/spatial context-functional grasp. C/I/SM: correct/incorrect/spatial context-
manipulative grasp
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Overall, data showed that participants were highly accurate in both experiments though
the stimuli durations were rapid. There were no statistical difference in accuracy between
the two experiments, nor was there any influence of the response hand. The most salient
result was the fact that in both experiments, participants were very highly accurate in iden-
tifying incorrect tool-object contexts (> 90%). These results confirm our first hypothesis
that participants would be accurate in the task even though stimuli durations are very
short.
5.4.2 Behavioral response latency
With respect to the 100ms experiment, results showed that across all conditions and sub-
jects, there were no statistical differences between left/right hands on mean response la-
tencies (t(250) = 1.7103, p = 0.089); response latencies were therefore sufficiently coun-
terbalanced. Subsequently, participants mean response latencies (Figure 35) were analyzed
using the 2-way RM-ANOVA with factors Context (correct, incorrect, spatial) and Hand
(no hand, functional grasp, manipulative grasp). Results revealed a main effect of Context
(F(2,54) = 14.649, p< 1 × 10−5), a main effect of Hand (F(2,54) = 22.231, p< 1 × 10−5)
but no interaction effect (F(4,108) = 1.523, p=0.201). Post-hoc Bonferroni corrected paired
t-tests showed that the main effect of Context derived from the fact that spatial context
elicited longer response times than the correct context (by 55.567 ± 9.98ms (S.E), t(83) =
5.566, p< 1 × 10−5, dz = 0.607) and incorrect context (by 63.8 ± 7.96ms (S.E), t(83) =
8.006, p< 1×10−5, dz = 0.873 ), while the latter two did not differ from each other (t(83) =
0.865, p=0.390). With respect to the main effect of Hand, results showed that the manipu-
lative grasp conditions elicited longer response times than the no hand conditions (by 47.7
± 7.08ms (S.E), t(83) = 6.731, p< 1 × 10−5, dz = 0.734) and functional grasp conditions
(by 30.54 ± 7.134ms (S.E), t(83) = 4.28, p=4.98e-5, dz = 0.467). Among the latter two,
the no hand conditions elicited slightly quicker response times than the functional grasp
conditions (by 17.164 ± 6.587ms (S.E), t(83) = 2.605, p=0.011, dz = 0.283).
With respect to the 500ms experiment, results showed that across all conditions and
subjects, there were no statistical differences between left/right hands on mean response
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Figure 35: Mean latencies and S.E bars for each of the 9 conditions within the
100ms experiment. C/I/SNH: correct/incorrect/spatial context-no hand. C/I/SF: cor-
rect/incorrect/spatial context-functional grasp. C/I/SM: correct/incorrect/spatial context-
manipulative grasp
Figure 36: Mean latencies and S.E bars for each of the 9 conditions within the
500ms experiment. C/I/SNH: correct/incorrect/spatial context-no hand. C/I/SF: cor-
rect/incorrect/spatial context-functional grasp. C/I/SM: correct/incorrect/spatial context-
manipulative grasp
latencies (t(232) = 1.573, p = 0.1171); response latencies were therefore sufficiently coun-
terbalanced. In addition, across all participants and conditions, the average response time
in the 500ms experiment (849.11 ± 185.13ms S.D) was significantly slower (t(484) = 3.63,
p=3.04×10−4, ds = 0.33) than the 100ms experiment (797.22 ± 125.69ms S.D). Subse-
quently, participants mean response latencies (Figure 36) were analyzed using the 2-way
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RM-ANOVA with factors Context (correct, incorrect, spatial) and Hand (no hand, func-
tional grasp, manipulative grasp). Results revealed a main effect of Context (F(2,50) =
9.136, p< 1 × 10−5), a main effect of Hand (F(2,50) = 16.714, p< 1 × 10−5) but no in-
teraction effect (F(4,100) = 1.898, p=0.117). Post-hoc Bonferroni corrected paired t-tests
showed that the main effect of Context derived from the fact that spatial context elicited
longer response times than the correct context (by 78.48 ± 13.08ms (S.E), t(77) = 5.996,
p< 1× 10−5 , dz = 0.679) and incorrect context (by 43.038 ± 10.03ms (S.E), t(77) = 4.29,
p=5.13×10−5, dz = 0.486). Amongst the latter two conditions, the correct context elicited
quicker response times than the incorrect context (by 35.44 ± 13.83ms (S.E), t(77) = 2.563,
p=0.012, dz = 0.29). With respect to the main effect of Hand, results showed that the
manipulative grasp conditions elicited longer response times than the no hand conditions
(by 46.076 ± 9.36ms (S.E), t(77) = 4.92, p< 1 × 10−5, dz = 0.734) and functional grasp
conditions (by 32.76 ± 7.294ms (S.E), t(77) = 4.492, p=4.98×10−5, dz = 0.467), while the
latter two did not differ from each other (t(77) = 1.741, p=0.086).
Overall, results here recreated our prior behavioral data (Borghi et al., 2012), thereby
supporting our hypothesis on response latencies. Specifically, in both experiments the ma-
nipulative grasp condition, and the spatial tool-object context elicited the longest response
times. There was no influence of the response hand on overall mean response times in both
experiments. In addition, the 500ms experiment elicited longer response times than the
100ms experiment.
5.4.3 Saccades
Within the 100ms experiment, participants initiated saccades on average in 9.96 ± 1.6788
% S.E of trials. Within no trial did participants initiate a saccade within 100ms, similar to
previously documented research on the fastest saccade initiation time (Kirchner and Thorpe,
2006). Within the 500ms experiment, participants initiated saccades on average in 74.88 ±
5.05 % S.E of trials. Therefore, participants were nearly 7.5 times more likely to initiate
saccades in the 500ms experiment when compared to the 100ms experiment. This result
validates our hypothesis that without any active instructions, participants would naturally
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inhibit saccades in the 100ms experiment with the reemergence of saccades in the 500ms
experiment.
5.4.4 EEG results
In both the 100ms and 500ms experiments, the mass-univariate RM ANOVA analyses re-
vealed a main effect of Hand, a main effect of Context but no interaction effect. In the
following sections, we focus on the main effects individually across both experiments.
5.4.4.1 Main effects of Hand
Figure 37: A) Statistical image depicting the F-values at channel-time pairs that exhibited
a significant main effect of factor Hand (no hand, functional grasp, and manipulative grasp)
from the RM-ANOVA test at the 0.05 level in the 100ms experiment. The F-values were
corrected for multiple comparisons using spatiotemporal cluster statistics. B) Statistical im-
age depicting the mask of the post-hoc paired t-tests that were performed at the significant
channel-time pairs in A) contrasting the manipulative grasp and functional grasp condition
individually to the no hand control (FDR corrected). Mask color represents channel-time
pairs when both contrasts were significant (overlap) or when only one contrast was signifi-
cant. C) Projection of normalized, significant t-values from the mask in B) onto the scalp
electrodes at a few discrete time intervals, with a color bar representing the direction of
the statistical difference. NH: No Hand, F: Functional grasp, M: Manipulative grasp. The
actual t-values for the contrasts at every channel-time pair are shown in Videos 2 and 3.
With respect to the 100ms stimuli durations experiment, the results of the main effects
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of the factor Hand at significant channel-time pair are shown in Figure 37. In Figure 37A,
the F-values of significant channel-time pairs that exhibited the main effect surviving mul-
tiple comparisons (spatiotemporal cluster correction, 0.05 level) are depicted as a statistical
image. At each significant channel-time pair, post-hoc paired t-tests on mean ERPs were
performed, individually contrasting the functional grasp condition and manipulative grasp
condition with the no hand condition as control (similar to Aim 1 (Natraj et al., 2013)).
Given the many thousands of t-tests, the p-value was corrected using the FDR procedure
at the 0.05 level as multiple comparison correction for Type I error (Genovese et al., 2002).
A mask of the significant results of the t-tests that passed the FDR corrected threshold is
plotted in Figure 37B and the projection of the mask on the scalp electrodes is shown in
Figure 37C at a few discrete time-points. The actual t-values from the paired t-tests at
every millisecond and across all electrodes for the significant channel-time pairs are shown
in Video 2 for the functional grasp condition vs. the no hand condition contrast and in
Video 3 for the manipulative grasp condition vs. the no hand condition contrast. Results
showed the existence of a negative oriented cortical potential difference (the N100 poten-
tial) arising from centro-right parietal regions at 130ms post image onset and this difference
subsequently propagated to centro right frontal regions till 228ms post image onset. It
can be seen in Figure 37C and Videos 2 and 3 that only the manipulative grasp condition
elicited a more prolonged and stronger centro-right ERP difference with respect to the no
hand condition. The propagating potential is highlighted in the grand-average ERP plots
(Figure 38) over a few select electrodes. The parietofrontal processing of the manipulative
grasp-posture in the 100ms experiment refuted our hypothesis that the absence of saccades
would negate right frontal activity. However, rather than appear around 400-600ms post
image onset, similar to Aim 1, results revealed early ERP differences (130 to 228ms) charac-
terized by a greater negative oriented cortical potential (the N100) originating at posterior
electrodes and subsequently propagating to frontal electrodes. Importantly, a similar ERP
difference was not observed for the functional grasp-posture.
With respect to the 500ms stimuli durations experiment, Figure 39A depicts the statis-
tical image representing the main effects of factor Hand across all statistically significant
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Figure 38: Plots depicting grand-average ERPs for the three Hand conditions: manipu-
lative grasp, functional grasp, and the no hand control at a few centro-right pari-
etofrontal electrodes in the 100ms experiment. For visualization of parieto-frontal propa-
gation, the N100 is marked with an arrow in the first column and the vertical dotted green
lines mark 130 to 228s post image onset (0 being image onset in the x-axis), the time period
characterized by the main effect of Hand.
channel-time pairs that survived multiple comparisons correction (0.05 level). Figure 39B
depicts the mask of the significant, FDR corrected (0.05 level), paired post-hoc t-tests at
the significant channel-time pairs that exhibited the main effect. Similar to the 100ms
experiment and Aim 1 (Natraj et al., 2013), the no hand condition served as control for
the functional grasp-posture and the manipulative grasp-posture. Similar to Figure 38, the
t-values in the post-hoc mask are projected onto the scalp-electrode space in Figure 39E. As
the 500ms experiment was characterized by saccades, Figure 39C depicts the histogram or
discrete probability densities associated with the initiation latencies of the first and second
saccades across all conditions. Figure 39D depicts mean probable gaze position for the ma-
nipulative grasp condition and the no hand condition. The grand-average ERP themselves
in the 500ms experiment for the three Hand conditions are shown in Figure 40 for a few
significant electrodes.
It can be seen in Figure 39B that the statistical difference between the manipulative
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Figure 39: A) Statistical image depicting the F-values at channel-time pairs that exhibited a
significant main effect of factor Hand (no hand, functional grasp, and manipulative grasp)
from the RM-ANOVA test in the 500ms experiment. The F-values were corrected for
multiple comparisons using spatiotemporal cluster statistics. B) Statistical image depicting
the mask of the post-hoc paired t-tests that were performed at the significant channel-time
pairs in A) contrasting the manipulative grasp and functional grasp condition individually to
the no hand control (FDR corrected). Mask color represents channel-time pairs when both
contrasts were significant (overlap) or when either contrast was significant. C) Histogram
depicting discrete probability density function of first and second saccade initiation latencies.
D) Mean probable gaze position (with S.E shading) for the manipulative grasp condition
and no hand condition. E) Projection of normalized, significant t-values from the mask in
B) onto the scalp electrodes at a few discrete time intervals, with a color bar representing the
direction of the statistical difference. NH: No Hand, F: Functional grasp, M: Manipulative
grasp. The actual t-values for the contrasts at every channel-time pair are shown in Videos
4 and 5.
grasp and no hand condition due to the greater N100 (Figure 40) emerged over centro-
parietal regions similar to the 100ms experiment. It should be noted that parietal ERP
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Figure 40: Plots depicting grand-average ERPs for the three Hand conditions: manipu-
lative grasp, functional grasp, and the no hand control at a few occipital, parietal,
premotor and frontal electrodes in the 500ms experiment. For visualization, ERP peaks
are marked with an arrow in the first two columns. The vertical green dotted lines mark
three time-windows of interest: 100 to 200s post image onset (over occipital and parietal
electrodes), 350 to 450ms post image onset (over frontal electrodes) and 470 to 570ms
post image onset (again over parietal and occipital electrodes). Saccades perturbed the
propagation of the N100 differential between the manipulative grasp and no hand
condition. When frontal differences did emerge at 350-400ms post image onset, the polarity
of the difference was inverted from the earlier time window (100-200ms).
were temporally coincidental to saccades only at around 250ms or post image-onset (Figure
41), much after the early N100 ERP differences between conditions (100-200ms). The early
parietal differences between conditions were more likely to be related processing the affor-
dances of the grasp (similar to the 100ms) rather than the control of saccades. However,
this statistical difference faded at about the time saccade initiation probability peaked (200-
210ms) and unlike the 100ms experiment, this greater negative potential did not propagate
to frontal electrodes. The functional grasp-posture also elicited a greater N100 when com-
pared to the no hand, however this difference did not emerge as early as the manipulative
grasp-posture. Frontal differences did emerge between the manipulative grasp and no hand
conditions, at 350-400ms post image onset (Figures 39B and 40), at about the time the
probability of initiation the first saccade was minimal and the probability of initiating the
second saccade was peaking. It should be noted that across all conditions, participants were
1.6 times more likely to initiate only one saccade versus two. This later time-period (350-
400ms) immediately preceded a differential gaze pattern (Figure 39D, 400-450ms) wherein
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Figure 41: ERP image plots depicting the relation between first saccade initiation latency
and ERP magnitude over occipito-parietal electrodes (left column) and frontal electrodes
(right column). In each plot, an image of the ERP magnitude across trials is plotted along
the rows, with red depicting positive microvolt values and blue depicting negative values.
Trials have been sorted based on saccade initiation latency (thick black line) and then
subsequently smoothed both across trials and time (rows and columns) with a Gaussian
window (Delorme and Makeig, 2004). It can be seen that a temporal relationship exists
over occipito-parietal electrodes in terms of the appearance of the positive ERP peak and
saccade initiation latency. Importantly, this difference occurs well beyond the 100-200ms
time window characterized by statistical differences in the N100 ERP between conditions.
It can be seen that in the right column a similar relationship does not exist between ERP
magnitude and saccade initiation latencies for frontal electrodes.
foveal gaze was more likely to be over the object in the no hand conditions than the manip-
ulative grasp condition (by 7.66 ±3.54% S.E, t(24) = 4.3108, p = 2.396× 10−4, dz = 0.862)
and more likely to be at the manipulative tool-end in the manipulative grasp condition than
the no hand conditions (by 9.48±3.056%, S.E t(24) = 4.3108, p < 1×10−5, dz = 1.243). The
350-400ms frontal difference was characterized by an inversion in the polarity of the ERP
difference, with the manipulative grasp-posture eliciting a greater positivity/lower negativ-
ity than the no hand condition (Figures 39E and 40). Importantly, a similar frontal ERP
difference pattern was not observed for the functional grasp-posture vs no hand contrast.
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A second occipito-parietal difference between the functional grasp and manipulative grasp
condition relative to the no hand condition was observed at 470ms to 570ms post image
onset (Figure 39B, Figure 39E and Figure 40). The polarity difference in this time later
time window followed the early 100ms time-windows with the manipulative and functional
grasp conditions exhibiting greater negativity/lower positivity than the no hand condition.
Figure 42: Statistical, source localized difference (at the 0.05 level using an independent
samples t-test) in how the affordances of the manipulative grasp-posture is processed be-
tween the two experiments at A) 100-228ms post image onset and at B) 228-330ms post
image onset. It should be noted that these statistical contrasts are a difference of differences
(second level statistics (Smith, 2014)). The color bar in both plots represents t-values. M-
NH: difference between the manipulative grasp-posture and no hand condition, computed
by subtracting the mean ERP between the two conditions on a subject-by-subject basis.
The MNI coordinates of the voxel/brain regions depicting peak statistical differences is also
shown in the slices for both time-windows.
Finally we also sought to identify the neural generators underlying the difference in how
the affordances of the manipulative grasp-posture is processed (relative to the no hand)
between the two experiments. To this end, EEG data were source localized following the
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procedures outlined in (Pascual-Marqui, 2002) and using the open source sLoreta software.
Contrasts between the two experiments were performed using a difference of differences ap-
proach. At the first level, the difference in mean ERP between the manipulative grasp and
no hand conditions was computed on a subject-by-subject basis within each of the two ex-
periments individually. The output of the first step served to identify how the manipulative
grasp-posture is processed with respect to the no hand within each of the two experiments,
and the results were used as input to the second level. At the second level, the difference
in how the affordances of the manipulative grasp-posture was processed between the two
experiments was evaluated using two independent samples t-tests, one at 100-228ms after
image onset and another at 228-300ms after image onset (Figure 42). These time-windows
were based on when the statistical ERP differences between the two conditions emerged and
also based on the peaks in the ERP themselves, similar to (Mizelle and Wheaton, 2010a,
Mizelle et al., 2011). The output of the second level served to contrast how the affordances
of the manipulative grasp-posture was processed within each experiment. Results (out-
lined in Table 1) revealed that encoding the affordances of the manipulative grasp-posture
within the 500ms experiment greater engaged the left middle and superior temporal gyri
early (100-228ms), whereas the 100ms experiment greater engaged the precuneus in the left
parietal lobe later (228-300ms). The ability to continuously gather scene information in
the 500ms experiment allowed greater engagement of left ventral regions early, whereas the
requirement to continuously evaluate the manipulative grasp-postures affordances without
any visual information elicited greater left dorsal activity at a later time window. Similar
contrasts were carried out to evaluate how the functional grasp-posture was encoded. While
we observed similar trends, none of the voxels reached the corrected 0.05 level threshold,
in line with the ERP results which had shown greater neural engagement to process the
manipulative grasp-posture.
5.4.4.2 Main effects of Context
Similar to the visualizations of the main effect of Hand, results depicting the main effects of
Context are shown in Figures 43, 44, and Videos 6, 7 for the 100ms experiment and Figures
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Table 1: Significant neuroanatomical differences in the encoding the affordances of the
manipulative grasp-posture between the 100ms and 500ms experiment. Positive voxel values
indicate the 100ms experiment greater engaged the corresponding brain region. Negative
voxel values indicate the 500ms experiment greater engaged the corresponding brain region.
X, Y, Z (MNI) Voxel Value Broadmann, Lobe, Structure Time-window
-65, -30, 5 -4.282 42, Left Temporal lobe, STG 100-228ms
-65, -35, 0 -4.211 22, Left Temporal lobe, MTG 100-228ms
-65, -40, -5 -4.204 21, Left Temporal lobe, MTG 100-228ms
-5, -55, 55 4.273 7, Left Parietal lobe, Precuneus 228-300ms
Figure 43: A) Statistical image depicting the F-values at channel-time pairs that exhibited
a significant main effect of factor Context (correct, incorrect, spatial) from the RM-ANOVA
test in the 100ms experiment. The F-values were corrected for multiple comparisons using
spatiotemporal cluster statistics. B) Statistical image depicting the mask of the post-hoc
paired t-tests that were performed at the significant channel-time pairs in A) contrasting the
incorrect and spatial contexts individually to the correct tool-object context as control (FDR
corrected). Mask color represents channel-time pairs when both contrasts were significant
(overlap) or when either contrast was significant. C) Projection of normalized, significant
t-values from the mask in B) onto the scalp electrodes at a few discrete time intervals, with
a color bar representing the direction of the statistical difference. C Correct, I- Incorrect,
S Spatial. The actual t-values for the contrasts at every channel-time pair are shown in
Videos 6 and 7.
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45, 46, and Videos 8, 9 for the 500ms experiment. Significant channel-time pairs were iden-
tified by performing spatiotemporal cluster correction on the F-values at the 0.005 level.
We used a more stringent threshold here as Context elicited a much stronger spatiotem-
poral effect than factor Hand. While the main effects of the factor Hand were observed
soon after image onset in both experiments, the main effects of the factor Context emerged
much later on, at 508ms post image onset in the 100ms experiment and at 424ms post
image onset in the 500ms experiment. Thus the neural encoding of Context (which was
the experimental task) occurred much later on in time while the neural encoding of the
grasp-posture occurred almost immediately after image onset, highlighting an automatic
sensitivity of action encoding regions to grasp affordances. Post-hoc paired t-tests (FDR
corrected, 0.05 level) were performed contrasting the incorrect and spatial contexts indi-
vidually to the correct context as control. In both the 100ms and 500ms experiments, the
correct tool-object context elicited a greater positive oriented ERP than the incorrect and
spatial tool-object context. These greater ERP differentials were primarily focused over left
parietal and frontal regions, though there tended to be bilateral parietal differences within
the 500ms experiment. Data also revealed that within the 500ms experiment, the incor-
rect tool-object context elicited earlier ERP differences than the spatial tool-object context.
5.5 Discussion
There were many distinct results in Aim 3. First, results showed participants were able to
perform the task with a high degree of accuracy (> 80%) even with rapidly presented stim-
uli. Within the 100ms experiment, participants primarily utilized peripheral or extrafoveal
means of capturing scene information, whereas fixations and saccades reemerged in the
500ms experiment. The major hypotheses in Aim 3 concerned with the role of saccades
on the neural processing of the manipulative grasp-posture. Within the 100ms experiment
wherein participants rarely executed saccades, the manipulative grasp condition elicited a
larger, negative-oriented cortical potential when compared to the no hand condition, begin-
ning at 130ms after image onset. This ERP difference originated at centro-right parietal
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Figure 44: Plots depicting grand-average ERPs for the three Context conditions in the
100ms experiment: spatial context, incorrect context, and the correct context as
control at left parietal and frontal electrodes in the 100ms experiment. The vertical magenta
lines mark the time-window of interest: 500 to 800s post image onset. It can be seen that
the correct context elicited greater positivity in the ERP than the incorrect and spatial
contexts.
electrodes (N100 potential), and rapidly propagated to central and right frontal electrodes,
lasting till 228ms after image onset. While the functional grasp-posture also elicited a dif-
ferential N100, there was no propagation to frontal regions and in addition, the differences
with the no hand condition were much less sustained and lasted only till about 200ms. We
had hypothesized that there would be no significant right frontal differences between the
manipulative grasp and no hand conditions in the 100ms experiment where saccades are
rarely executed. This would have suggested that the right frontal response to the manipu-
lative grasp-posture would have to be driven by a differential gaze pattern with respect to
the no hand condition. Results in the 100ms experiment refuted our hypothesis given the
centro-right parietofrontal ERP differential between the manipulative grasp-posture and no
hand condition. However, rather than appear 400-600ms post-image onset (Natraj et al.,
2013), the ERP difference was present only at a very early time window. Importantly, re-
sults within the 500ms experiment revealed that the frontal processing of the manipulative
grasp-posture was not wholly independent of saccades, and the ability of the observer to
118
Figure 45: A) Statistical image depicting the F-values at channel-time pairs that exhibited
a significant main effect of factor Context (correct, incorrect, spatial) from the RM-ANOVA
test in the 500ms experiment. The F-values were corrected for multiple comparisons using
spatiotemporal cluster statistics. B) Statistical image depicting the mask of the post-hoc
paired t-tests that were performed at the significant channel-time pairs in A) contrasting the
incorrect and spatial contexts individually to the correct tool-object context as control (FDR
corrected). Mask color represents channel-time pairs when both contrasts were significant
(overlap) or when either contrast was significant. C) Projection of normalized, significant
t-values from the mask in B) onto the scalp electrodes at a few discrete time intervals, with
a color bar representing the direction of the statistical difference. C Correct, I- Incorrect,
S Spatial. The actual t-values for the contrasts at every channel-time pair are shown in
Videos 8 and 9.
direct foveal attention towards scene features. Similar to the 100ms experiment, the manip-
ulative grasp condition elicited a greater occipito-parietal N100 potential than the no hand
condition, starting earlier than the 100ms experiment by 30ms. It should be noted that
N100 in the 500ms experiment was related more to affordance understanding rather than
gaze control as any temporal relationship between saccades and occipito-parietal ERP was
observed at around 250ms, well beyond the time-window of statistical N100 differences be-
tween conditions. The early ERP differences between the manipulative grasp and no hand
conditions faded when saccade initiation probability was maximum (approx. 210ms), and
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Figure 46: Plots depicting grand-average ERPs for the three Context conditions in the
500ms experiment: spatial context, incorrect context, and the correct context as
control at left parietal and frontal electrodes in the 500ms experiment. The vertical magenta
lines mark the time-window of interest: 420 to 800s post image onset. It can be seen that
the correct context elicited greater positivity in the ERP than the incorrect and spatial
contexts.
delayed the frontal propagation of the ERP differential to 350-400ms after image onset. At
this time-window, first saccade probabilities were minimal and the probability of executing
the seccond sacade was peaking. When the frontal differences did emerge, the polarity
difference in the ERP was switched, with the manipulative grasp-posture eliciting a greater
positivity/lesser negativity than the no hand condition. This frontal difference immediately
preceded a differential gaze pattern (400-450ms) wherein attention was focused more on
the object in the no hand conditions and on the manipulative tool-end in the manipula-
tive grasp condition. Summarizing the key result, spatiotemporal activation patterns and
ERP polarity characteristics with respect to processing the affordances of the manipulative
grasp over frontal electrodes were influenced by the relative presence/absence of saccades.
This key result does in part support our conjecture that frontal regions might serve both
in attention mechanisms/eye movement control and affordance understanding. These spa-
tiotemporal ERP difference patterns were unique to the manipulative grasp-posture and
were not observed for the functional grasp-posture, in line with our overall hypothesis that
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the manipulative grasp-posture elicits unique neural encoding mechanisms. Finally, when
directly contrasting how the affordances of the manipulative grasp-posture was encoded
in both experiments, source localization analyses revealed greater engagement of the left
middle temporal gyrus in the 500ms experiment, 100-228ms post image onset, and greater
engagement of the left precuneus in the parietal lobe in the 100ms experiment, 228-300ms
post image onset. It should be noted that the encoding of the tool-object context itself in
both experiments happened relatively much later in time, at roughly 500-800ms after image
onset. In both the 100ms and 500ms experiments, the correct tool-object context elicited
a greater positive oriented ERP than the incorrect and spatial tool-object context. These
greater ERP differential was primarily focused over left parietal and frontal regions, though
there tended to be bilateral parietal differences within the 500ms experiment.
5.6 Conclusion
Aim 3 integrated the conceptual underpinnings of Aims 1 and 2 specifically evaluating the
overlap between action understanding and gaze control over parietofrontal regions. Given
the common themes in all three Aims, further discussions integrating the salient results






The overall goal of the dissertation was to understand the how the affording properties
of contextual and grasp-specific tool-use scenes influenced spatiotemporal patterns of pari-
etofrontal activity as healthy right-handed participants evaluated the tool-object content
in the images. In particular, we also evaluated the visual encoding of complex tool-use
scenes and the effect of saccades and foveal attention on parietofrontal activations, given
the anatomical overlap between gaze control and action understanding (Anderson et al.,
1994, Mort et al., 2003, Vingerhoets et al., 2010). To address the goal of the thesis, we
extended our prior behavioral study that evaluated reaction times when participants evalu-
ated whether tool-object relationships were correct/incorrect when a tool was placed across
three contexts of use (correct, incorrect, spatial) and four grasp-postures (no hand, static
hand, functional grasp, manipulative grasp). Results had revealed that though the task
required evaluating tool-object content, manipulative grasp-postures uniquely elongated
decision times when compared to the no hand condition. A similar effect was not observed
for the functional grasp and static hand conditions (Borghi et al., 2012). Results in Aim
1 revealed unique activations over right parietofrontal regions in response to the manipula-
tive grasp-posture when compared to the no hand condition (Natraj et al., 2013) especially
within correct and spatial tool-object contexts. Similarly, eye tracking results in Aim 2
revealed that the manipulative grasp condition elicited unique gaze patterns when com-
pared to the no hand condition within correct and spatial tool-object contexts that afford
a certain degree of action. Given the dual role of parietofrontal regions in both affordance
understanding and gaze control, the purpose of Aim 3 was to evaluate the effect of visu-
ospatial attention mechanisms on the parietofrontal processing of the manipulative grasp
across all three contexts. Results revealed the frontal response to the manipulative grasp
122
when compared to the no hand condition was temporally modulated by saccades. In addi-
tion, there was greater and earlier engagement of the left middle temporal gyrus along the
ventral stream to encode the manipulative grasp-posture when the observer had the ability
to execute saccades and greater and later engagement of the left precuneus along the dorsal
stream to encode the manipulative grasp-posture when the observer had to parse the scene
extrafoveally without eye movements and rely on memory. Given the integrative nature of
Aim 3 as it combines common concepts from the prior behavioral data and Aims 1 and 2
(Borghi et al., 2012, Natraj et al., 2013, Natraj et al., 2015), this chapter focuses on the
interpretation of the results in Aim 3, detailed in the following sections. The key points
with respect to spatiotemporal patterns in ERP differences between the manipulative grasp
and no hand conditions are conceptualized in Figure 47.
6.2 Spatiotemporal patterns of parietofrontal ERP when encoding grasp-
specific tool-use in the absence of eye movements
Processing of the manipulative grasp when compared to the no hand condition in the
100ms experiment of Aim 3 was characterized by a greater ERP negativity originating
over occipito-parietal electrodes. Subsequently, the ERP difference propagated to frontal
electrodes within 130-228ms post image onset. While the functional grasp also elicited
similar occipito-parietal differences when compared to the no hand condition, the ERP dif-
ference did not propagate to frontal electrodes. In addition, the occipito-parietal response
to the manipulative grasp occurred earlier and involved more electrodes than the functional
grasp vs. no hand contrast. It should be noted that within the 100ms experiment, par-
ticipants did not execute saccades in the vast majority of trials. Generally, the polarity of
the ERP depends on the orientation of the neural generators with respect to the scalp and
the direction of ionic flow that causes the post-synaptic potentials (Nunez and Srinivasan,
2006). In any case, it is commonly thought that irrespective of the polarity, an increase
in the ERP magnitude reflects higher recruitment of the underlying neurons and a lesser
temporal asynchrony in the firing pattern of the neurons (Kutas and Federmeier, 2011).
The higher negativity in the ERP response to the manipulative and functional grasp when
compared to the no hand control can therefore be interpreted as greater engagement of the
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neurons in the underlying cortical layers, with a more robust response to the manipulative
grasp-posture. The functional significance of the ERP negativity over occipital, parietal
and frontal electrodes are detailed further as follows.
With respect to activation of electrodes over the visual cortex, it is possible that occip-
ital activity could simply arise from the higher scene complexity when compared to the no
hand condition (Kandel et al., 2000), due to increased retinotopic activity as participants
extra-foveally attended to the grasp (Somers et al., 1999). However, it should be noted
that the higher visual complexity arises from the presence of a biological agent (the grasp-
posture) and recent motor control research has shown that activity in the visual cortex may
underlie processing the affordances of grasp-postures (Gutteling et al., 2015) via cortical
feedback mechanisms. For instance, the presence of a grasp-posture may engage higher-
order (parietal) cortical neurons that process grasp-affordances via extra-foveal attention
and loop back to lower-order neurons in the visual cortex, increasing the response of visual
cortex neurons to the grasp-posture (van Elk et al., 2010, Gutteling et al., 2015). This line
of reasoning is supported by the fact that significant differences between both the grasp
conditions relative to the no hand control first appeared over parietal electrodes prior to
occipital electrodes in the 100ms experiment (Videos 2 and 3). As a result, engagement
of neurons under occipital electrodes may be due to both the increased visual complexity
due to the presence of the grasp and a top-down driven enhanced visual processing of the
affordances of the grasp per se. However, it has been well established that activity over
parietal (Culham and Kanwisher, 2001, Culham and Valyear, 2006, Mizelle and Wheaton,
2010b) and temporal electrodes (Valyear and Culham, 2010, Mizelle et al., 2013) have been
shown to process tool-grasps and functional tool-use affordances. In particular, the early
posterior response to the presence of a grasp (both functional and manipulative) when com-
pared to the no hand condition could represent an automatic engagement of grasp-specific
neurons in the parietal cortex to process the motoric/functional grasp-affordances (Culham
and Kanwisher, 2001, Culham and Valyear, 2006, Vingerhoets, 2014, Roth and Zohary,
2015) potentially also include mirror neurons in the inferior parietal cortex that underlie
a mental simulation of the grasp itself (Chong et al., 2008). Activity of neurons under
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temporal electrodes might represent encoding the semantic or conceptual properties of the
grasp. The greater engagement of neurons under parieto-temporal electrodes likely repre-
sents encoding the affordances of the grasp-posture itself rather than a visual complexity
phenomenon. While both the functional grasp and manipulative differed from the no hand
control over occipital and parieto-temporal electrodes, it should be noted that the manip-
ulative grasp-posture elicited earlier and more diffuse activity bilaterally and for a longer
period of time (up to 228ms), unlike the functional grasp-posture (less than 200ms).
The key result with respect to the neural response to a grasp-posture in the 100ms
experiment was the propagation of the posterior ERP difference to frontal electrodes. More
specifically, the manipulative grasp uniquely elicited a more sustained frontal difference with
respect to the no hand control (up to 228ms post image onset), whereas there was only a
very transient frontal difference for the functional grasp vs. no hand contrast. Similar to
previous studies and Aim 1, it is possible that frontal ERP difference could correspond to the
engagement of the mirror neuron system (MNS), a set of bilateral prefrontal neurons that
encode higher level motor cognition such as the intent or goal of tool-use gestures (Iacoboni
et al., 2005, Aziz-Zadeh et al., 2006, Iacoboni and Dapretto, 2006, Natraj et al., 2013). The
greater frontal N100 in the 100ms experiment in Aim 3 (100-230ms post image onset) is
suggestive of a more pronounced engagement of the mirror neurons to encode the intent of
the manipulative grasp-posture soon after image onset. As we had argued in Aim 2 (Natraj
et al., 2015), it is unlikely that this effect is driven purely by the grasp per se, but more
due to the affordances of the manipulative grasp-posture as it non-functionally interacts
with the tool-end that has higher affordances with respect to the object (the operant tool-
end). Indeed, participants were well primed to view the operant tool-end in the upper right
hemifield and it is likely that a manipulative grasp-posture of the operant tool-end could
have automatically primed grasp-specific mirror neurons over frontal regions to encode the
action intent of the manipulative grasp-posture as it non-functionally interacts with the
operant tool-end. Alternatively, the affordances of the functional grasp-posture are readily
understood, potentially resulting in lesser automatic recruitment of mirror neurons over
frontal regions. Apart from representing the mirror neuron system, the frontal response
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to the manipulative grasp-posture may also correspond to diffuse activity of neurons in
bilateral prefrontal cortices. These neurons may be driven by extra foveal attention towards
the manipulative grasp and may serve to resolve the conflict (Jonides et al., 2002, Egner
and Hirsch, 2005) presented by the atypical manipulative grasp-posture as it interferes
with that part of the tool (the operant tool-end) that is vital to understand tool-object
relationships (Natraj et al., 2015). It is possible that the mirror neuron system and conflict
resolution system over frontal areas may be operating in parallel to encode the affordances
of the manipulative grasp-posture. The fact that the response to the manipulative grasp-
posture was observed so early after image onset highlights the sensitivity of grasp-specific
neurons when encoding affordances. Such sensitivity could potentially have an evolutionary
benefit in learning to rapidly recognize the intent of an observed hand-object action or even
differentiate between tool-use and communicative gestures (Stout and Chaminade, 2012).
There are two differences in the frontal response to the manipulative gasp-posture be-
tween Aim 1 and the 100ms experiment in Aim 3. First, the frontal ERP difference in
Aim 1 emerged 400-600ms post image onset and was constrained to right frontal electrodes,
whereas in the 100ms experiment of Aim 3, the frontal ERP difference emerged earlier
(130-228ms) and the ERP difference was diffusely spread over frontal and premotor elec-
trodes, with a bias towards electrodes over right frontal areas. Second, the polarity of the
ERP difference in Aim 1 was characterized by lesser negativity of the manipulative grasp-
posture. However, the polarity of the ERP difference in the 100ms experiment of Aim 3 was
characterized by a greater negativity of the manipulative grasp-posture when compared to
the no hand control. We expand on these polarity differences and their functional signifi-
cance in light of the result from the 500ms experiment in Aim 3, detailed in the following
paragraphs.
6.3 Saccades modulate spatiotemporal patterns of parietofrontal ERP
when encoding grasp-specific tool-use scenes
In line with our hypothesis, the 500ms experiment of Aim 3 evoked significantly more
saccades in the majority of trials than the 100ms experiment. The early ERP responses
to the manipulative and functional grasp-postures with respect to the no hand condition
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was largely similar to the 100ms experiment, with early occipital temporal and parietal
differences characterized by an increased negativity in the ERP (N100). Similar to the
100ms experiment, the response to the manipulative grasp-posture occurred earlier and
over a larger number of electrodes than the functional grasp when compared to the no hand
control. It should also be noted that significant ERP differences over posterior electrodes oc-
curred earlier in the 500ms experiment (around 120ms) than the 100ms experiment (around
130ms). This delay could possibly be due to the fact that the stimulus transitioned to the
fixation circle in the 100ms experiment (at 100ms post image onset) unlike the 500ms ex-
periment wherein the stimulus was on screen till 500ms. Similar to arguments made in the
previous section, the occipital response could correspond to encoding both the visual com-
plexity of the scene and the affordances of the grasp-posture, whereas the parieto-temporal
response likely represents the activity of grasp-specific neurons that encode the conceptual
and motoric affording properties of the functional/manipulative grasp-posture. Unique to
the 500ms experiment, the presence of saccades caused the posterior ERP differences to fade
at about 200ms, right about the time when saccade initiation probabilities were peaking
(200-210ms), possibly due to the fact that information processing is limited during saccades
((Bahill and LaRitz, 1984)). In addition, unlike the 100ms experiment, the ERP difference
did not immediately propagate to frontal electrodes and instead was delayed to 350-400ms.
The emergence of frontal differences (350-400ms) at right frontal and subsequently over
bilateral premotor and bilateral frontal occurred after the majority of first saccades were
completed and the probability of initiating the second saccade was rising. The first saccade
therefore perturbed and delayed the propagation of the ERP difference from posterior to
frontal regions. In addition, the frontal ERP difference was largely restricted to the manip-
ulative grasp vs. no hand contrast, while the neural response to the functional grasp did not
differ from the response to the no hand condition. When compared to the frontal difference
in the 100ms experiment, there was also an inversal in the polarity of the ERP difference
here as the manipulative grasp elicited lesser (rather than greater) negativity than the no
hand control. This polarity difference was similar to the ERP difference between the same
two conditions in Aim 1, 400-600ms post image onset over right frontal electrodes (Natraj
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et al., 2013). As outlined earlier, irrespective of the polarity of the ERP, the magnitude
is thought to reflect the level of engagement of the underlying neurons. As a result, the
polarity inversal makes it unlikely that the frontal difference could correspond to a conflict
resolution mechanism as this would imply that the no hand condition presents a greater con-
flict than the manipulative grasp condition. However, it is possible that given the ability to
scan the scene, the observer could be encoding the relationship between the tool-object pair
in terms of how the tool may engage on the object i.e. an object-oriented action priming ef-
fect (Thill et al., 2013, Natraj et al., 2015). In this scenario, the manipulative grasp-posture
has lower affordances of engaging the tool on the object (Borghi et al., 2012, Natraj et al.,
2013), and may necessitate the recruitment of mirror neurons to encode grasp-intent relative
to engaging the tool on the object, thereby disrupting the object-oriented action priming
effect. The aforementioned arguments are strengthened by the fact that in both Aims 1 and
2 (that have a similar experimental design) and the 500ms experiment in Aim 3, the ERP
difference between the manipulative grasp and no hand conditions immediately preceded
a differential gaze pattern between the two conditions wherein foveal attention was placed
more on the object in the no hand conditions (object-oriented action priming), and more
on the manipulative tool-end in the manipulative grasp conditions (understanding action-
intent). From an action encoding perspective, understanding the intent of the manipulative
grasp-posture (possibly via mirror neurons) in terms of how it allows engaging the tool on
the object could have elicited a lower (negative-oriented) ERP magnitude given that this
grasp-posture does not afford engaging the tool on the object. Alternatively, the no hand
and functional grasp conditions do not inhibit the object-oriented action priming effect and
thereby elicited largely similar neural responses to each other. Apart from the inhibitory
effect of mirror neurons on the object-oriented action priming effect, the polarity inversal
could also correspond to the N400 potential, that has been previously implicated in the
attention-driven recall of semantic knowledge over prefrontal areas (a review of the N400
can be found at (Kutas and Federmeier, 2011)). Decoding tool-object relationships also
involve a recall of their conceptual or semantic properties (Mizelle and Wheaton, 2010a)
and a top-down recall of semantic knowledge may be mediated by frontal regions (Kutas
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and Federmeier, 2011). The lower affordances of the manipulative grasp-posture could have
interfered with the aforementioned cognitive mechanism, thereby resulting in a lower mag-
nitude in the N400 when compared to the no hand control. It is also likely that the MNS
and N400 might be operating in parallel, together resulting in a lower object-oriented ac-
tion priming effect. The aforementioned recruitment of other neural systems to understand
grasp-intent could potentially alter the underlying dipole or neural generator of the ERP
signal, resulting in an inversal in the ERP differential for the manipulative grasp alone.
Crucially, the polarity inversal in the ERP difference between the manipulative grasp and
no hand conditions depends on the ability of the observer to continuously sample scene
information and exhibit a differential pattern in spatial gaze position between the two con-
ditions, as a similar polarity inversal at 400ms was not observed in the 100ms experiment of
Aim 3. The buildup of the late-appearing frontal ERP difference is facilitated by the ability
of the observer to continuously sample the scene. The aforementioned encoding mechanism
(in the 500 experiment) is different from the 100ms experiment wherein the observer does
not have the ability to scan the scene; as a result, the interference effect of the manipulative
grasp-posture (in the 100ms experiment) may be more derived due to its non-functional
interaction with the operant tool-end. These results broadly suggest of differential neural
mechanisms to encode the manipulative grasp in the 500ms and 100ms experiments. As
outlined earlier, it is likely that the former involves understanding grasp-intent relative to
engaging the tool on the object and the latter arises from the interference effect relative to
non-functionally grasping the operant tool-end.
After the frontal differences faded at 400ms, parietal ERP differences reemerged at
around 470ms when the majority of the second saccades were completed. At this later
time-point, the underlying dipole or neural generator produced a positive-oriented ERP
signal for all three hand conditions, characterized by a greater positivity for the no hand
conditions when compared to the functional and manipulative grasp conditions (that were
statistically more negative than the no hand control). As detailed earlier, a potential reason
underlying this inversal in polarity could be the object-oriented action-priming effect that is
highest in the no hand conditions (Borghi et al., 2012, Natraj et al., 2015). As a result, the
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no hand conditions elicited greater positive ERP at around 500ms as they better facilitate
the object-oriented action priming effect given that they also produced the fastest decision
times. Conversely, parietal and occipital neurons might have been engaged to process
grasp-affordances thereby resulting in a lower magnitude of the ERP (van Elk et al., 2010,
Gutteling et al., 2015). It is important to note that it was only over frontal regions that the
manipulative grasp uniquely differed from the no hand control, while both grasp conditions
differed from the no hand over posterior electrodes. These results suggest the buildup of
a positive-oriented ERP response to grasp-affordances that crucially depend on the ability
of the observer to continuously parse the scene as a similar effect was not observed in
the 100ms experiment. It should be noted that the buildup in the neural response over
parietofrontal areas was unique to the processing of grasp-affordance as similar effects were
not observed in the ERP responses to context-affordances. In the latter, the time-points
characterized by significant ERP differences between the three contexts was independent
of gaze control as they occurred roughly within same windows in both the 100ms and
500ms experiments (detailed further in subsequent paragraphs). Results here shed light on
how saccades alter parietofrontal processing of grasp-specific tool-use affordances especially
given the extensive anatomical overlap between gaze control and action perception over the
aforementioned regions (Mort et al., 2003, Lewis, 2006, Vingerhoets et al., 2010).
6.4 The ability to foveate alters the engagement of the dorsal and ven-
tral streams to process the affordances of the manipulative grasp
Finally, the direct contrast between the 100ms and 500ms experiment in Aim 3 revealed
greater and earlier (100-228ms post image onset) activation of the left superior and middle
temporal gyri in the ventral stream to process the affordances of the manipulative grasp-
posture in the 500ms experiment and greater activation of the left precuneus in the dorsal
stream at a later time window (228-300ms) to process the affordances of the manipulative
grasp-posture in the 100ms experiment. Engagement of left ventral regions have been well
implicated in semantic tool-use knowledge (Mahon et al., 2007, Valyear and Culham, 2010)
and prior research in our lab has shown that the ventral stream may be well suited to
encode the errors of hand-object actions (Mizelle et al., 2013). The ability to continuously
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Figure 47: A brief bullet-point description underlying spatiotemporal ERP differences
between the manipulative grasp and no hand conditions in the both the 100ms experiment
(top row) and 500ms experiment (bottom row)
gather foveal information even before saccades were initiated (mean saccade initiation time
was 227.9 ± 69.2ms) allowed for greater engagement of error encoding regions along the left
ventral stream in the 500ms experiment. However, there was greater and later engagement
of the left precuneus in the superior parietal cortex for the 100ms experiment wherein
the observer had continuously parse the affordances of the manipulative grasp using short
term memory. The left precuneus has been found to be active in many neuroimaging studies
investigating the perception of hand-object movements whether static, dynamic or imagined
(for review and examples, see (Lewis, 2006, Molnar-Szakacs et al., 2006, Vingerhoets et al.,
2009)). It is possible that greater activity of the left precuneus in the 100ms experiment
could represent a sustained mental effort in understanding the kinematic properties of the
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manipulative grasp that occurs at a later time window than the ventral stream activation
for the 100ms experiment. The results shed light on unique neural encoding mechanisms
underlying the processing of the manipulative grasp-posture based on the ability of the
observer to continuously parse scene information. The fact only left hemispheric anatomical
generators were identified is line with prior research that have strongly implicated the left
hemisphere to in action understanding (Johnson-Frey et al., 2005, Lewis, 2006).
6.5 Saccades do not modulate spatiotemporal ERP patterns underlying
the perceptual judgement of tool-object context
It should be noted that the experimental task required participants to evaluate tool-object
context and overall, results showed that the differential ERP responses to context occurred
at roughly the same time in both experiments (about 500ms) and over roughly the same
parietofrontal electrodes, and was largely unaffected by the difference between the two
experiments. Parietofrontal neurons have been well implicated in understanding the gras-
pability and manipulability of tools (Gentilucci, 2002, Johnson-Frey, 2004) and prior work
has shown activation of these regions in understanding functionally appropriate tool-use
(Mizelle and Wheaton, 2010b) with a distinct left hemispheric bias (Johnson-Frey, 2004,
Johnson-Frey et al., 2005, Lewis, 2006). Indeed, even in the results here, the parietofrontal
ERP differential between the three tool-object contexts was left-dominant. Inspection of
the ERP signals suggested a positive-oriented polarity of the underlying neural generator
with a greater positivity in the parietofrontal response to the correct tool-object context
that has the highest affordances. The incorrect tool-object that affords least tool-object
action elicited the lowest magnitude of positive-oriented parietofrontal ERP whereas the
spatial or ambiguous context tended to be in between the other two contexts. The time
scale of these ERP responses were well outside the first and second saccade windows in the
500ms experiment in Aim 3. The question then remains, as to why saccades modulated
parietofrontal processing of the grasp-posture alone and not tool-object context. One poten-
tial reason could be that the observer may be engaging the MNS to decode grasp-intent by
mapping the grasp onto his/her own shared parietofrontal substrate via motor resonance
(Flanagan and Johansson, 2003, Iacoboni and Dapretto, 2006, Ambrosini et al., 2011).
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Both the kinematic literature (Ariff et al., 2002) and action perception literature (Flanagan
and Johansson, 2003, Ambrosini et al., 2011) have shown strong correlations between an
observers eye movements and self-generated or observed hand movements. For example,
in a biomechanics study done with the KINARM robot, participants performed reaching
movements without visual feedback of their arm-position. The authors showed a lead-lag
effect wherein current gaze position predicted future arm-position by about 200ms (Ariff et
al., 2002). An example from the action perception literature is the eye tracking study done
by Ambrosini et al. who showed that an observers gaze predicted the target of an actors
hand-object action only when the actors hand was preshaped in an appropriate fashion
(Ambrosini et al., 2011). Prior research is therefore suggestive of a tight neural coupling
between eye and hand movements. If we assume that the observer may be engaging the
MNS to understand grasp-intent by mapping the grasp onto a shared motor substrate, then
it is possible that overlapping neurons underlying predictive eye movements might also be
activated. As a result, when these neurons over frontal and premotor regions control gaze
position, they perturb the parietofrontal ERP response to the grasp-posture alone while
not influencing the ERP response to tool-object context.
6.6 Limitations and future directions
There were many outcomes and aspects of this dissertation that merit further investigation.
Participants in all three Aims were always primed as to what constitutes a tool and object,
and that the tool would always be placed in the right hemifield and that the object would
always be placed in the left hemifield. It is worth investigating how neural and visual
encoding mechanisms are influenced when participants are not primed in this manner since
the definition of tool-object pairs in our stimuli can potentially be interchangeable (e.g.
fork-pen). It is also worth investigating if neural and visual encoding mechanisms can be
modulated by the handedness of the subject and perspective e.g. if the images were viewed
from a left handed perspective or in an allocentric perspective (Kelly and Wheaton, 2013)
and if the subjects themselves were left handers (Kelly et al., 2015). In addition, in lieu of a
biological agent, the hand can be replaced by a prosthetic device (Cusack et al., 2011) and
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it can be potentially investigated whether neural and visual encoding mechanisms would
still be sensitive to grasp-affordances notwithstanding the mismatch between the agent and
the observer. In particular, the conceptual theories underlying this dissertation can be
utilized in a rehabilitation framework wherein it can be evaluated whether an amputee
processes a prosthetic device in a non-functional posture similar to how participants in the
all three Aims here processed the manipulative grasp-posture. Such an experiment would
allow evaluating whether the amputee has completely internalized the prosthetic device as
part of his/her own body schema (Cusack et al., 2015). While interesting in their own right,
as such these aspects are outside the current scope and hypotheses of the dissertation that
was specific to healthy right handers viewing right handed egocentric tool-object images.
It can be argued that the key result of the manipulative grasp-posture could be due to
a visual interference effect wherein a greater portion of the arm is seen in the scene. It is
unlikely the unique effects of the manipulative grasp could be driven due to such a visual
saliency effect as results in Aim 2 and the 500ms experiment in Aim 3 showed that gaze
was tightly constrained to the part of the arm near the operant tool-end and not the arm
per se. Similarly, gaze was constrained to the part of the arm near the functional tool-
end in the functional grasp conditions. All the images were also previously normalized for
overall visual complexity (Borghi et al., 2012). Thus the effective AOI size for the functional
and manipulative grasp condition were similar and it is more probable that the effects of
the manipulative grasp-posture were driven by its affording qualities. The arm can also
potentially be replaced by another long object (such as a block of wood) positioned in a
manner similar to the various grasps to investigate whether the effects of the manipulative
grasp is truly due to its affording qualities. The drawback to this approach is that as a
separate entity, the piece of wood has certain affording properties that could potentially alter
the affordances of the entire scene based on its relationship with the tool and object (e.g.
screwdriver-nail with the wood positioned near the screwdriver). In addition, the human
grasp-posture can be substituted with a robotic arm, prosthetic device, arm belonging to
another animal (such as a chicken arm) or even a rubber arm, and it can be investigated
whether artificial hand-like entities elicit similar interference effects as an actual human
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arm. Such studies can shed light on how an observer encodes artificial agents into his/her
own motor substrate. However this is an open-ended question and worth investigating in
future studies.
The importance of the manipulative or operant tool-end over the functional tool-end is
an aspect worth investigating as results in Aims 2 and 3 showed that participants primarily
parsed the operant tool-end (spoon-bowl) and sparsely attended to the functional or gras-
pable tool-end (spoon-handle). In addition, it was the manipulative grasp of the operant
tool-end that was a gaze attractor unlike the functional grasp. A potential explanation
could be the higher affordances of the operant tool-end with respect to the object, over the
functional tool-end. For example, it is a spoons bowl rather than stem that actually engages
with a cup of ice cream and a non-functional grasp of the bowl does not allow engaging the
spoon on the ice-cream carton. Therefore, additional neural and visual resources might be
allocated towards the operant or manipulative tool-end to decode the intent of a manipu-
lative grasp. The importance of the operant tool-end over the functional tool-end follows
recent work by van der Linden et al. who measured gaze landing positions as participants
categorized images depicting stand-alone tools that were horizontally oriented (van der Lin-
den et al., 2015). The authors found that while initial saccades landed near the tools center
of gravity, refixations tended to be biased towards the operant tool-end than the graspable
tool-end. Their experimental design was largely different from all three Aims here given
the differing task requirements. More importantly, rather than a stand-alone tool, the tools
in our stimuli were paired with other objects and viewed from an egocentric perspective.
The pairing of the tool with other objects (from a right-handed egocentric perspective)
resulted in a much greater ratio in the bias between the operant tool-end and functional
tool-end (Natraj et al., 2015) when compared to van der Linden et al. (van der Linden
et al., 2015). Results in this dissertation reinforces and strengthens the action-performing
hypothesis that posits visuospatial attention to be biased towards the direction implied
by the tool (Roberts and Humphreys, 2011, van der Linden et al., 2015), highlighting the
importance of the operant tool-end over the functional tool-end. These unique differences
between the functional tool-end and manipulative/operant tool-end on gaze control with
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respect to evaluating tool-object relationships merits further investigating. This can be
carried out, for example, by evaluating if visual preference for the manipulative tool-end
over the functional tool-end persists when the functional tool-end is any other unrelated
rigid structure (e.g. spoons bowl with a scissors graspable end) or if the functional tool-end
clearly does not afford tool-object action (e.g. replacing the rigid stem of a spoon with a
soft roll of paper). By manipulating the stimuli in this manner, the affordances of the tools
operant end with respect to the object can be modulated and it remains to be seen the
action-performing hypothesis is still satisfied.
In both Aims 2 and the 500ms experiment in Aim 3, eye tracking results revealed a
stereotypical leftward bias in initial attention after image onset. Other visual perception
studies have also documented this leftward bias in initial attention (for e.g., see (Dickinson
and Intraub, 2009)). The authors, who were investigating the boundary extension phe-
nomenon, found that when fixation was maintained at center prior to the appearance of
an image with two random objects/object clusters, one in each hemifield, the first saccade
exhibited a significant leftward bias. The experimental design here as well entailed par-
ticipants to maintain fixation at center prior to viewing an image with a tool-object pair,
one in each hemifield. The authors presented many plausible hypotheses for this leftward
bias including right-hemispheric specialization for attention or the fact that English is read
from left to right (Volberg and Hbner, 2004, Spalek and Hammad, 2005, Dickinson and In-
traub, 2009). On the other hand, the leftward bias could also be due to inherent differences
between the two experiments. Unlike the previous study (Dickinson and Intraub, 2009),
the experiment here required right-handed participants to evaluate right-handed, egocen-
tric tool-object pairs rather than random objects/object clusters. It is possible that the
object-oriented action priming effect could have been a driving factor for the initial left-
ward bias as the object was always in the left hemifield. However, it should also be noted
that some of the participants here were very strongly leftward biased. Thus rather than
being reflective of any cognitive mechanism, the leftward bias may simply be a consequence
of eye dominance (Bourassa, 1996, Ossandon et al., 2014). Recent research is starting to
uncover the mechanisms underlying this bias and it appears to be driven in right-handers by
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asymmetries in the allocation of initial attention once the two-object (one in each hemifield)
stimulus appears (Ossandon et al., 2014). Given that this bias can potentially be perturbed
(Foulsham et al., 2013), it is unclear what effect affordances might elicit on the leftward
bias. The dataset in the 500ms experiment of Aim 3 offer a potential opportunity to fur-
ther explore this leftward bias. For example, it can be evaluated if there is an interaction
between stimulus type and initial saccade direction on pre-saccadic neural activity. While
these aspects merit further investigation, as such they are outside the current scope and
hypotheses of this dissertation.
There are a few final points to consider if the results of this dissertation were to be
translated to future studies. All the studies in this dissertation fall in the domain of vi-
sual perception, but given the direct matching hypothesis (Flanagan and Johansson, 2003,
Ambrosini et al., 2011), it is likely that similar brain regions might be recruited during
actual tool-use. For instance, it can be hypothesized that an intentional manipulative tool-
grasp might differ from a functional tool-grasp in the amount of activity elicited outside
of canonical left parietofrontal tool-use neurons. However, it is unclear whether right pari-
etofrontal activity might occur in the planning phase, in the movement execution phase
or if they are synchronized to oscillations in left parietofrontal regions. Another point to
consider is distinguishing the role of saccades vs. foveation on ERP responses. The di-
rect link between saccades and ERP was observed in two scenarios. First, it was observed
over occipito-parietal electrodes in the 500ms experiment of Aim 3 wherein first saccade
initiation latencies predicted an ERP positivity at time-points outside of those involved in
affordance processing. Second, saccades delayed the propagation of a posterior to frontal
ERP difference between the manipulative grasp and no hand conditions in the 500 exper-
iment. However, there was a clear posterior to frontal propagation of the ERP difference
in the 100ms experiment of Aim 1 wherein saccades were sparsely executed. With respect
to the effect of foveation on ERP responses, results showed that the ability of the observer
to continuously gather visual input in the 500ms experiment (foveally and extrafoveally)
altered the polarity of the ERP responses when compared to the 100ms experiment and al-
lowed for the buildup of late parietal ERP differences that ostensibly depend on continuous
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visual input. Further work is necessary to understand the interplay between affordances,
saccades, fixations (foveal attention) and extra foveal attention on neural activity. This
can be carried out in the same GLM framework outlined in the Methods section of Aim
3 by modeling saccades and fixations with separate regressors (Dandekar et al., 2012). It
should also be noted that in Aim 3, we had counterbalanced the response hand used to
record correct/incorrect decisions. It is unclear what effect using only a single response
hand might have on ERP responses. It can be argued that since most of the ERP differ-
ences represent higher order motor cognition, they should be independent of the response
hand. Alternatively, the counter argument can be made that as right-handed participants
may be mapping the egocentric right-handed grasp onto their own motor substrates, neural
circuits could be differentially primed when participants respond to the manipulative grasp
with their right vs. left hand. The dataset of the 500ms experiment in Aim 3 offers an
opportunity to explore the interaction between grasp-type and response hand on neural
activity. However, as such this hypothesis is outside the scope of the dissertation especially
given that behavioral data was counter-balanced. Finally, from an application perspective,
results in this study can potentially be used in rehabilitative setting especially with the
amputee population, as detailed earlier. However, concepts and results in this thesis are
also applicable in settings that evaluate skill expertise. For example, the stimuli set can be
broadened to include tools or gestures that might appear confounding to lay-subjects but
might carry special significance to experts such as trained musicians or skilled workers. It
can be then be evaluated whether the two groups (skilled vs. unskilled) show differences in
predictive eye movements or in the neural encoding of context and grasp. In this regard,
eye tracking shows promise given its relative ease of use and simplicity given advances in
data acquisition techniques. Research is currently underway to evaluate whether eye move-
ments when watching skillful hand-object actions transition from exploratory to predictive
behavior as a novice gains expertise in the task.
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APPENDIX A
BAYESIAN-MARKOV MODEL OF FOVEAL ATTENTION
To determine the foveal weighting of the AOI in an image, the AOI are considered as nodes
in a graph. Consecutive gaze position within the boundaries of a node constitutes a fixation
while transitions between the nodes constitute a saccade. The time course of foveal gaze
position over the nodes of the graph can then be modeled as a first order discrete Markov
process as prior research has shown this model to best describe similar eye movements
over discrete elements of a static visual scene (Hacisalihzade et al., 1992). By the Markov
property, the probable location of foveal gaze position one time step into the future is
independent of the past history given the current position.
P (Xt+1 = j|Xt = i,Xt−1 = l...X0 = k) = P (Xt+1 = j|Xt = i) (5)
= θij (6)
where Xt is foveal gaze position at time t
when i = j, θii is the probability of a fixation at AOI i
when i 6= j, θij is the probability of a transition from AOI i to AOI j
These transition probabilities over the graph can be represented by the transition matrix




Ot θ11 θ12 θ13
Mt θ21 θ22 θ23
Ft θ31 θ32 θ33
 (7)
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The matrix P is row stochastic;
∑3
j=1 θij = 1 for any row i. Every row sums to 1 and
is a categorical probability distribution of foveal gaze transitions from one time step to the
next. For example, the first row is the probability of foveal gaze position at time t+ 1 given
that foveal gaze is currently over the object at time t. The second and third rows denote
similar transition probabilities when foveal gaze position is at the manipulative end of the
tool and the functional end of the tool respectively. The following a priori assumptions are
made on P and hence the structure of graph.
• A priori, the observer does not have a predisposed bias towards any AOI or subset of
AOI, given that stimuli presentations are always presented in a randomized fashion.
Therefore each row of P can be any valid distribution.
• The beliefs on the probability distribution of each row of P are updated at regular
intervals as eye tracking data is collected.
These assumptions are formally implemented via Bayesian statistics (Minka, 2000,
Bishop, 2006, Gupta, 2010). Each row of P is a categorical distribution and the conju-
gate prior for the categorical distribution is the Dirichlet distribution. The Dirichlet is a
distribution over distributions; it provides a probability density function over the set of





be the parameter that describes the transition probabilities when




















The fraction with the factorial functions in (8) is a normalization constant to ensure that
the Dirichlet is a valid distribution. Generally, any θ of length L can be visualized as a
probability vector that lies on a L − 1 probability simplex, a surface characterized by the
property that the sum of the coordinates of any point on it is 1. α describes the shape
of the probability density function on the simplex over all possible θ. For example, when
αk = 1 ∀ k, then DIR(θ|α) is a constant for for all possible θ. Thus, any distribution θ
is equally likely and can essentially be any point on the simplex. For other values of α,
DIR(θ|α) is a probability density function over likely values of the parameter θ; the likely
points on the simplex. Let A be the transition count matrix that records the number of





Ot a11 a12 a13
Mt a21 a22 a23
Ft a31 a32 a33
 (11)
Consider a to be the first row vector of A i.e., the one-step foveal gaze transitions from




. Given N observations or
all possible transition occurrences, the Bayesian estimate of f (θ|a,α) conditioned on the
Dirichlet parameter α is computed as follows:
The Dirichlet prior is chosen to model θ the categorical transition probabilities




















where mk is the count of the transitions to AOI k, ∀k ∈ (1, 2, 3) from the object (k = 1) and
by the Markov property, the transitions are independent. By Bayes’ theorem, the posterior
estimate of θ is given by



















= DIR(θ|α + m) (19)
Therefore the posterior estimate of θ is also a Dirichlet density function over all likely θ
and its shape is defined by the number of transitions m and the parameter α. α can be
considered as the transition pseudo-count or prior belief that then determines the shape of
the Dirichlet. While this density function provides a range of probable θ, a point estimate





The mean value of the parameter θk is thus computed by the ratio of the number of tran-
sitions to AOI k to the total number of transitions (including the pseudo-counts). When
αk+mk > 1 ∀k, DIR (θ|α + m) is maximum at this mean value of θ and when αk+mk = c
∀k, then the Dirichlet is symmetric about the uniform distribution. The shape of the Dirich-
let is thus determined by the pseudo-counts and the observed transitions. As a result, for
a stimulus with L AOI, entries in row i of the transition count matrix A ∈ RL×L are the
Dirichlet parameters that define the categorical distribution of Markov transitions from
AOI i. Each row i of P ∈ RL×L is the mean of the Dirichlet defined in row i of A. In
this Bayesian framework, A(t) and P(t) are updated after every observation t = 0, 1, 2...N ,
thereby estimating a homogeneous Markov chain at each time t given the prior data till t−1.
This leads to the following framework governing the weighting of the AOI, generalizable to
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stimuli with L discrete AOI.
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∀i, j ∈ {1, 2, ...L} (24)
At subsequent discrete steps t = 1, 2, ...N , A(t) and P(t) are updated in the following




















∀i, j ∈ {1, 2, ...L} (27)
This step increments aij in row i by 1 i.e., it updates the Dirichlet parameter that describes
the categorical distribution of gaze transitions from AOI i. At the same time, every element
of the other rows is incremented by a small random number δ. Theoretically δ can be defined
in any manner (zero, constant, time-varying, or in proportion to θi etc.). However for the
purposes of Aim 2, δ is chosen to be ≈ 0.068. This incrementes the elements in the rows
of A by 1 approximately every 300ms, accounting for extra-foveal attention. For example,
if a fixation is observed over the first AOI at t = 1, then a11 is incremented by 1 and akl
is incremented by δ (where k ∈ {2, 3..L} , ∀l). This has the effect of slightly tightening the
Dirichlet around the uniform distribution in the absence of any observed transitions.
In the framework so far, two properties are implicit in the graphical structure of the
Markov chain, reflected by the manner in which P(t) is populated and updated. First, every
AOI is assumed to be reachable to the observer since θ
(t)
ij > 0 at any time step t in the
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Bayesian update. Formally, the Markov chain is irreducible.
P (Xt+1 = j|Xt = i) = θ(t)ij (28)
> 0 ∀t ∈ {0, 1, 2...N} (29)






is always > 0, ∀n at any step t in
the Bayesian update.





> 0 ∀n ∈ {1, 2, ...} (31)
In other words, gaze is not constrained to return to a current AOI only at multiples of some
integer number of time steps. This allows for gaze jitter given motor noise in the planning
of eye movements. Together, irreducibility and aperiodicity of the Markov chain guarantee
the existence of a steady state distribution (DeGroot and Schervish, 2002) of foveal gaze
over the L AOI at any time t of the Bayesian update, such that the following equations are













v(t) = 0 (33)
where v(t) ∈ RL×1 is the left eigenvector for the dominant eigenvalue of the transition
matrix P(t) (eigenvalue = 1). It is a column vector of steady state foveal gaze distribution



















k = 1 (35)
v(t) can be considered as a time-varying probability vector denoting the weighting or bias
of foveal gaze over the AOI at time t given eye tracking data of fixation and saccades. Since
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P(t) is the point estimate (mean of each row) of A(t), v(t) is also the mean of the Dirichlet




















at any time t. For example at t = 0, the components of the dominant left eigenvector com-








L , ∀k. The Dirichlet corresponding




















Thus at t = 0, v(0) is the uniform distribution that lies at the center of a L− 1 probability
simplex in RL where each of the L axis ranges from 0 to 1 denoting the weighting of each




that spans the entire simplex with
equal probability and corresponds to the a priori assumption that the observer is unbiased
towards any AOI. The trajectory of v(t) through time on the simplex represents the time
varying weighting of the AOI given fixations and saccades. If after N observations the AOI
are weighted equally by the observer, then v(t) should be within the 99% confidence inter-
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that is symmetric about the uniform distribution on the probability simplex. A pictorial
representation of computing the AOI weight vector i.e. v(t) is shown in Figure 47 and the
mean trajectory from the data in Aim 2 is shown in Figure 48.
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Figure 48: Computing the AOI weight vector or foveal bias. A) Markov-chain illustration
of the 3 AOI in Aim 2. Each node corresponds to an AOI and the loops denoted fixation and
saccade probabilities. Each row of A and P denotes the count and probability respectively of
transitioning from one AOI to any other in one time-step. Fixation and saccade probabilities
were estimated from the transition count matrix using Bayes’ rule at each time step. The
left eigenvector (v>) of P at any time step is the AOI weight vector. B-D) Graphical
representation of computing an AOI weight vector for a single trial. B) A flat Dirichlet
prior given by the parameter α and distribution f(v|α) was used for the AOI weight vector
v before the start of the trial i.e., v could be any vector with uniform probability that
lies on the simplex, a 2D surface. The co-ordinates of any point on the surface sum to 1.
Each of the three axes represent the bias towards the 3 AOI (object, functional tool-end,
manipulative tool-end). v’s distribution (green) uniformly covers the entire surface, with
a mean v = (E(v|α)) given by the uniform distribution at the center. C) The posterior
distribution and the mean of the AOI weight vector gets updated given samples of eye
tracking data. D) Distribution of probable location of the AOI weight vector if the observer
were to equally weight the AOI after 33 samples of eye tracking data given fixation counts
and saccade frequencies. While the Bayesian update method gives a distribution for the
AOI weight vector, the mean of the distribution was taken as the point-estimate of the
trial’s AOI weight vector.
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Figure 49: The mean time course of AOI bias estimated from the data in Aim 2 is shown,
for each of the 9 conditions. For reference, the dotted line represents uniform bias towards
the three AOI
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